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Abstract

Recent developments have clarified the process of generating par-
tially ordered, partially specified sequences of actions whose execution
will achive an agent’s goal. This paper summarizes a progression of
least commitment planners, starting with one that handles the sim-
ple sTRIPS representation, and ending with one that manages actions
with disjunctive precondition, conditional effects and universal quan-
tification over dynamic universes. Along the way we explain how
Chapman’s formulation of the Modal Truth Criterion is misleading
and why his NP-completeness result for reasoning about plans with
conditional effects does not apply to our planner.
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1 Introduction

To achieve their goals, agents often need to act in the world. Thus it should
be no surprise that the quest of building intelligent agents has forced Artificial
Intelligence researchers to investigate algorithms for generating appropriate
actions in a timely fashion. Of course the problem is not yet “solved,” but
considerable progress has been made. In particular, Al researchers have
developed two complementary approaches to the problem of generating these
actions: planning and situated action. These two techniques have different
strengths and weaknesses, as we illustrate below. Planning is appropriate
when a number of actions must be executed in a coherent pattern to achieve
a goal or when the actions interact in complex ways. Situated action is
appropriate when the best action can be easily computed from the current
state of the world (i.e., when no lookahead is necessary because actions do
not interfere with each other).

For example, if one’s goal is to attend the IJCAI-93 conference in Cham-
bery, France, advanced planning is suggested. The goal of attending IJ-
CAT engenders many subgoals: booking plane tickets, getting to the airport,
changing dollars to francs, making hotel reservations, finding the hotel, etc.
Achieving these goals requires executing a complex set of actions in the cor-
rect order, and the prudent agent should spend time reasoning about these ac-
tions (and their proper order) in advance. The slightest miscalculation (e.g.,
attempting to make hotel reservations after executing the trans-Atlantic fly
action) could lead to failure (i.e., a miserable night on the streets of Paris
among the city’s many hungry canines).

On the other hand, if the goal is to stay alive while playing a fast paced
videogame, advanced planning may be less important. Instead, it may suffice
to watch the dangers as they approach and shoot the most threatening at-
tackers first. Indeed, wasting time deliberating about the best target might
decrease one’s success, since the time would be better spent shooting at
the myriad enemy. Domain specific situated-action systems are often imple-
mented as production systems or with hardwired logic (combinational net-
works). Techniques for automatically compiling these reactive systems from
declarative domain specifications and learning algorithms for automatically
improving their performance are hot topics of research.

In this paper, we neglect the situated techniques and concentrate on the
converse approach to synthesizing actions: planning. Planners are character-
ized by two dimensions which distinguish the construction strategy and the
component size respectively (Figure 1). One way of constructing plans is re-
finement, the process of gradually adding actions and constraints; retraction
eliminates previously added components from a plan, and transformational
planners interleave refinement and retraction activities. A different dimen-
sion concerns the basic blocks that a planner uses when synthesizing a plan:
generative planners construct plans from scratch while case-based planners



use a library of previously synthesized plans or plan fragments.? Case-based
systems are motivated by the observation that many of an agent’s actions
are routine — for example, when making the daily commute to work or
school, one probably executes roughly the same actions in roughly the same
order. Even though these actions may interact, one probably doesn’t need to
think much about the interactions because one has executed similar actions
so many times before. The main challenge faced by proponents of a case-
based system is developing similarity metrics which allow efficient retrieval
of appropriate (previously executed) plans from memory. After all, if you
are faced with the task of getting to work but you can’t stop thinking about
how you cooked dinner last night, then you’ll likely arrive rather late.
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Figure 1: Major approaches for reasoning about action. This paper focuses
on generative, refinement planning.

In the next sections, we’ll define the planning problem more precisely
and then start describing algorithms for solving the problem. We restrict
our attention to generative, refinement planning, but our algorithms can be
adapted to transformational and case-based approaches [Hanks and Weld,
1992]. As we shall see, planning is naturally formulated as a search problem,
but the choice of search space is critical to performance.

2 The Planning Problem

Formally a planning algorithm has three inputs:

1. a description of the world in some formal language,

2. a description of the agent’s goal (i.e., what behavior is desired) in some
formal language, and

2For example, cHEF [Hammond, 1990] and spa [Hanks and Weld, 1992] are good ex-
amples of a transformational case-based planners while PRODIGY /ANALOGY [Veloso and
Carbonell, 1993] and PrRIAR [Kambhampati and Hendler, 1992] are case-based, refinement
planners. All the algorithms presented in the remainder of this paper are generative, re-
finement algorithms. However, GORDIUS [Simmons, 1988b] provides a good example of a
generative, transformational planner (although it can be used in case-based mode as well).



3. a description of the possible actions that can be performed (again, in
some formal language). This last description is often called a domain
theory.

The planner’s output is a sequence of actions which, when executed in
any world satisfying the initial state description, will achieve the goal. Note
that this formulation of the planning problem is very abstract. In fact, it
really specifies a class of planning problems parameterized by the languages
used to represent the world, goals, and actions.

For example, one might use propositional logic to describe the effects of
actions, but this would preclude describing actions with universally quantified
effects. The action of executing a UNIX “rm *” command is most naturally
described with quantification: “All files in the current directory are deleted.”
Thus one might describe the effects of actions with first order predicate cal-
culus, but this assumes that all effects are deterministic. It would be very
difficult to represent the precise effects of an action such as flipping a coin or
prescribing a particular medication for a sick patient (who might or might
not get better) without some form of probabilistic representation.

In general, there is a spectrum of more and more expressive languages
for representing the world, an agent’s goals, and possible actions. The task
of writing a planning algorithm is harder for more expressive representation
languages, and the speed of the resulting algorithm decreases as well. In this
paper, we’ll explain how to build planners for several languages, but they all
make some simplifying assumptions that we now state.

e Atomic Time: Execution of an action is indivisible and uninterrupt-
ible, thus we need not consider the state of the world while execution
is proceeding. Instead, we may model execution as an atomic trans-
formation from one world state to another. Simultaneously executed
actions are impossible.

e Deterministic Effects: The effect of executing any action is a de-
terministic function of the action and the state of the world when the
action is executed.

e Omniscience: The agent has complete knowledge of the initial state
of the world and of the nature of its own actions.

e Sole Cause of Change: The only way the world changes is by the
agent’s own actions. There are no other agents and the world is static
by default. Note that this assumption means that the first input to
the planner (the world description) need only specify the initial state
of the world.



Admittedly, these assumptions are unrealistic. But they do simplify the
problem to the point where we can describe some simple algorithms. Al-
ternatively, skip ahead to the section on advanced topics where we describe
extensions to the algorithms that relax these assumptions.

We’ll start our discussion of planning with a very simple language: the
propositional STRIPS representation.?

The propositional STRIPS representation describes the initial state of
world with a complete set of ground literals. For example, the simple world
consisting of a table and three blocks shown on the left side of Figure 2 can

be described with the following true literals:

A
c » B
A B C

Figure 2: Initial and goal states for the “Sussman anomaly” problem in the

blocks world.

(on A Table) (on C A) (on B Table) (clear B) (clear C)

Since we require the initial state description to be complete, all atomic
formulae not explicitly listed in the description are assumed to be false (this
is called the “Closed World Assumption” [Reiter, 1980]). This means that
(not (on A C)) and (not (clear A)) are implicitly in the initial state
description as are a bunch of other negative literals.

The STRIPS representation is restricted to goals of attainment. In general,
a planner might accept an arbitrary description of the behavior desired of
the agent over time. For example, one might specify that a robot should
cook breakfast but never leave the house. Most planning research, however,
has considered goal descriptions that specity features that should hold in the
world at the distinguished time point after the plan is executed, even though
this renders the “remain in the house” goal inexpressible. Furthermore, the
STRIPS representation restricts the type of goal states that may be specified
to those matching a conjunction of positive literals. For example, the goal
situation shown on the right hand side of Figure 2 could be described as
the conjunction of two literals (on B C) and (on A B). This yields a simple
block-stacking challenge called the “Sussman Anomaly.”*

3The acronym “STRIPS” stands for “STanford Research Institute Problem Solver” a
very famous and influential planner built in the 1970s to control an unstable mobile robot
known affectionately as “Shakey” [Fikes and Nilsson, 1971].

4The etymology of the name is a bit puzzling since the problem was discovered at MIT
in 1973 by Allen Brown who noticed that the HACKER problem solver had problems dealing



A domain theory, denoted with the Greek letter A, forms the third part of
a planning problem: it’s a formal description of the actions that are available
to the agent. In the STRIPS representation, actions are represented with
preconditions and effects. The precondition of each action follows the same
restriction as the problem’s goal: they are a conjunction of positive literals.
An action’s effect, on the other hand, is a conjunction that may include
both positive and negative literals. For example, we might define the action
move-C-from-A-to-Table as follows:

e Precondition: (and (on C A) (clear C))

o Effect: (and (on C Table) (not (on C A)) (clear A))

Actions may be executed only when their precondition is true; in this
case we have specified that the robot may move C from A to the Table only
when C is on top of A and has nothing atop it. When an action is executed,
it changes the world description in the following way. All the positive literals
in the effect conjunction (called the action’s add-list) are added into the state
description while all the negative literals (called the action’s delete-list) are
removed.” For example, executing move-C-from-A-to-Table in the initial
state described above leads to a state in which

(on A Table) (on B Table) (on C Table) (clear A) (clear B) (clear C)

are true and all other atomic formulae are false.

So that concludes the description of a planner’s inputs: a description of
the initial state, a description of the goal, and the domain theory, A, which is
a set of action descriptions. When called with these inputs, a planner should
return a sequence of actions that will achieve the goal when executed in the
initial state. For example, when given the problem defined by the Sussman

with it. Since HACKER was the core of Gerald Sussman’s Ph.D. thesis, he got stuck with
the name. In subsequent years, numerous researchers searched for elegant ways to handle
it. Tate’s INTERPLAN system [Tate, 1975] used more sophisticated reasoning about goal
interactions to find an optimal solution and Sacerdoti’s NOAH planner [Sacerdoti, 1975]
introdcued a more flexible representation to sidestep the problem. Because the planners
described in this paper adopt these techniques, they have no problem with the “Anomalous
Situation.” Still it’s worth explaining why the problem flummoxed early researchers. Note
that the problem has two “subgoals:” to achieve (on A B) and to achieve (on B C). It
seems natural to try divide and conquer, but if we try to achieve the first subgoal before
starting the second then the obvious solution is to put C on the Table then put A on B
and we accidentally wind up with A on B when B is still on the Table. Of course one can’t
get B on C without taking A off B so trying to solve the first subgoal first appears to be a
mistake. But if we try to achieve (on B C) first, then we have a similar problem: B’s on
C while A is still buried at the bottom of the stack. So no matter which order is tried, the
subgoals interfere with each other. But humans seem to use divide and conquer, so why
can’t computers? In fact, they can as we show in the section on plan-space search.

°It’s illegal for an action’s effect to include an atomic fomula and its negation, since
this would lead to an undefined result.



anomaly’s initial and goal states (Figure 2) and a set of actions like the one
described above, we’d like our planner to return a sequence like:

move-C-from-A-to-Table
move-B-from-Table-to-C
move-A-from-Table-to-B

As we shall see, there are a variety of algorithms that do exactly this, but
some are much more efficient than others. We’ll start by looking at planners
which are conceptually quite simple, and then look at more sophisticated
ways of planning.

3 Search through World Space

The simplest way to build a planner is to cast the planning problem as search
through the space of world states (shown in Figure 3). Each node in the graph
denotes a state of the world, and arcs connect worlds that can be reached by
executing a single action. In general, arcs are directed, but in our encoding of
the Blocks World, all actions are reversible so we have replaced two directed
edges with a single arc to increase readability. Note that the initial and goal
world states of the Sussman anomaly are highlighted in grey. When phrased
in this manner, the solution to a planning problem (i.e., the plan) is a path
through state-space. Note that the three-step solution listed at the end of
the previous section is the shortest path between these two states, but many
other paths are possible.

The advantage of casting planning as a simple search problem is the
immediate applicability of all the familiar brute force and heuristic search al-
gorithms [Korf, 1988]. For example, one could use depth-first, breadth-first,
or iterative deepening A* search starting from the initial state until the goal
is located. Alternatively, more sophisticated, memory bounded algorithms
could be used [Russell, 1992, Korf, 1992]. Since the tradeoffs between these
different searching algorithms have been discussed extensively elsewhere, we
focus instead on the structure of the search space. A handy way to do this
is to specify the planner with a nondeterministic algorithm. This idea may
seem strange at first, but we’ll use it extensively in subsequent sections, so
it’s important to learn it now. In fact, it’s quite simple: when specifying the
planning algorithm one uses a nondeterministic choose primitive. choose
takes a set of possible options and magically selects the right one. The beauty
of this nondeterministic primitive lies in its ease of implementation: choose
can be simulated with any conservative search method or it can be approxi-
mated with an aggressive search strategy. By decoupling the search strategy
from the basic nondeterministic algorithm two things are accomplished: (1)
the algorithm becomes simpler and easier to understand, and (2) the imple-



Figure 3: World Space.

mentor can easily switch between different search strategies in an effort to
improve performance.

3.1 Progression

To make this concrete, Figure 4 contains a simple nondeterministic planner
that operates by searching forward from the initial world-state until it finds
a state in which the goal specification is satisfied.

The right way to think about a nondeterministic algorithm is with you
personally calling the shots every time that choose gets called. For example,
if we try PROGWS on the Sussman anomaly, then the first call to the proce-
dure has world-state set to the initial state (the leftmost grey state in Figure
3), goal-list set to the implicit conjunction ((on A B) (on B C)), and path
set to the null sequence. Since the initial state doesn’t satisfy the goal, ex-
ecution falls to line 3 and choose is called. A moment’s thought should
convince you that the best choice makes Move-C-from-A-to-Table be the
first action, so let’s assume that this is the choice made by the computer.
By giving the program a magical oracle it can easily find the sequence of
three correct choices that will lead to a solution. Since we assume that the
oracle always makes the best choice, the program can quit (confident that no
solution is possible) if it ever runs into a dead end.

Of course, if one wants to implement ProgWS on any of the (nonmagical)
computers that exist today (and if one doesn’t want to get a lot of email
from the program asking for advice!) then one needs to use search. A simple



Algorithm: PROGW S(world-state, goal-list, A, path)

1. If world-state satisfies each conjunct in goal-list,
2. Then return path,

3. Else let Act = choose from A an action whose precondition is satisfied
by world-state:
(a) If no such choice was possible,
(b) Then return failure,

(c) Else let S = the result of simulating execution of Act in world-state
and return PROGWS(S, goal-list, A, Concatenate(path, Act)).

Figure 4: PROGWS: a Progressive, World-State planner. The initial call
should set path to the null sequence.

technique is to implement choose with breadth-first search. This way, even
though it wouldn’t have the oracle, the planner could try all paths in parallel
(storing them on a queue and time slicing between them) until it found a state
that satisfied the goal specification. Any time a nondeterministic algorithm
would find a solution, the breadth-first search version will also (although in
the worst case it might take the searching version exponentially longer).

3.2 Regression

Figure 4 describes just one way to convert planning to a search through the
space of world states. Another approach, called regression planning [Waldinger,
1977], is outlined in Figure 5. Instead of searching forward from the initial
state (which is what PROGWS does), the REGWS algorithm (adapted from
[Nilsson, 1980]) searches backwards from the goal. Intuitively, REGWS rea-
sons as follows: “I want to eat, so I need to cook dinner, so I need to have
food, so I need to buy food, so I need to go to the store...” At each step
it chooses an action that might possibly help satisfy one of the outstanding
goal conjuncts.

To illustrate RegWS on a more concrete example, the Sussman anomaly,
then cur-goals is initially set to the list of conjuncts ((on A B) (on B C)).
The first call to choose demands an action whose effect contains a conjunct
that appears in cur-goals. Since the action Move-A-from-Table-to-B has
the effect of achieving (on A B), let’s assume that the planner magically
(nondeterministically) makes that choice.

The next step, called goal regression, forms the core of the RegWs algo-
rithm: G is assigned the result of regressing a logical sentence (the conjunc-
tion corresponding to the list cur-goals) through the action Act. The result



Algorithm: REGWS(init-state, cur-goals, A, path)

1. If init-state satisifes each conjunct in cur-goals,
2. Then return path,
3. Else do:
(a) Let Act = choose from A an action whose effect matches at least
one conjunct in cur-goals.
) Let G = the result of regressing cur-goals through Act.
(¢) Ifno choice for Act was possible or G is undefined, or G D cur-goals,
(d) Then return failure,
(e) Else return REGWS(init-state, G, A, Concatenate(Act, path)).

Figure 5: REGWS: a Regressive, World-State planner. The initial call should
set path to the null sequence.

of this regression is another logical sentence that encodes the weakest pre-
conditions that must be true before Act is executed in order to assure that
cur-goals will be true after Act is executed. This is simply the union of Act’s
preconditions with all the current goals except those provided by the effects

of Act:
preconditions(Act) U (cur-goals — goals-added-by(Act))

In our example, Act has (on A Table) as its precondition and (and (on
A B) (not (on A Table))) as its effect so the result of regressing (and (on
A B) (on B C))is: (and (on A Table) (on B C)).

Since Act achieved (on A B), regression removed that literal from the
sentence (replacing it with the precondition of Act, namely (on A Table).
Since Act doesn’t affect the other goal, (on B C), it remains part of the
weakest precondition. Note that the sentence produced by regression is still
a conjunction; this is guarenteed to be true as long as action preconditions
are restricted to conjunctions, so it is ok to encode G and cur-goals with lists.

The next line of REGWS is also interesting — it says that if choose can’t
find an action whose regression satisfies certain criteria, then a dead end has
been reached. There are three parts to the dead-end check, and we discuss
them in turn:

1. If no action has an effect containing a conjunct that matches one of the
conjuncts in cur-goals, then no action is profitable. To see why this is
the case, note that unless Act has a matching conjunct, the result of
performing goal regression will be a strictly larger conjunctive sentence!
Whenever G is satisfied by the initial state, then cur-goals will be too.
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Thus there is no point in considering such an Act because any successful
plan that might result could be improved by eliminating it from the
path.

2. If the result of regressing cur-goals through Act is to make G undefined
then any plan that adds Act to this point in the path will fail. What
might make G undefined? Recall that regression returns the weakest
preconditions that must be true before Act is executed in order to make
cur-goals true after execution. But what if one of Act’s effects directly
conflicts with cur-goals? That would make the weakest precondition
undefined because no matter what was true before Act, execution would
ruin things. A good example of this results when one tries to regress
(Con A B) (on B C)) through Move-A-from-B-to-Table. Since this
action negates (on A B), the weakest preconditions are undefined.

3. If G D cur-goals then there’s really no point in adding Act to path
for the same reasons that were explained in bullet 1 above. In fact,
one can show that G D cur-goals whenever the action’s effect doesn’t
match any conjunct in cur-goals, but the converse is false. Thus, strictly
speaking, the G D cur-goals renders the test of bullet 1 unnecessary;
however, eliminating it would result in reduced efficiency since many
more regressions would be required.

3.3 Analysis

Our presentation of the PROGWS and REGWS planning algorithms suggests
several natural questions. The first questions concern the soundness (i.e., if a
plan is returned, will it really work?) and completeness (i.e., if a plan exists,
does a sequence of nondeterministic choices exist that will find it?) of the
algorithms. Although we won’t prove it here, both algorithms are sound and
complete.

The most important question, however, 1s “Which algorithm is faster?” In
their nondeterministic forms, of course, they have the same complexity: with
perfect luck, they’ll each make the same number (say n) of nondeterministic
choices before finding a solution. However, a real implementation must use
search to implement the nondeterminism, so an important question is “How
many choices must be considered at each nondeterministic branch point?”
Let’s call this number b. Even a small difference in b can lead to a tremendous
difference in planning efficiency since brute-force searching time is O(b").

If one grants the plausible assumption that the goal of a planning problem
is likely to involve only a small fraction of the literals used to describe the
state, then regession planning is likely to have a much smaller branching
factor at each call to choose; as a result it’s likely to run much faster.
To see this, note that there will probably be many actions that could be
executed in the initial state but only a few that are relevant to the goal (i.e.,

10



have effects that match the goal and have legal regressions). Since PROGWS
must consider all actions whose preconditions are satisfied by the initial state,
it can’t benefit from the guidance provided by the planning objective.

In some cases, of course, the situation may be reversed. And we should
note that there are a variety of other search techniques (means-ends analysis,
bidirectional search, etc.) that we haven’t discussed.® The reason for this
selective portrayal stems from the nature of world space search itself. As the
next section shows, it’s often much better to search the space of partially
specified plans.

4 Search through the Space of Plans

In 1974, Earl Sacerdoti built a planner, called NOAH, with many novel fea-
tures. The innovation we’ll focus on here is the reformulation of planning
from one search problem to another. Instead of searching the space of world
states (in which arcs denote action execution), Sacerdoti phrased planning as
search through plan space.” In this space, nodes represent partially-specified
plans and edges denote plan refinement operations such as the addition of an
action to a plan. Figure 6 illustrates one such space. Once again, the initial
and goal state are highlighted in grey. The initial state represents the null
plan which has no actions, and the goal state represents a complete, working
plan for the Sussman anomaly. Note that while world state planners had to
return the path between initial and goal states, in plan-space the goal state
is the solution.

4.1 Total Order Planning

At this point we are forced to confess. We’ve claimed that it’s useful to
think of planning as search through plan-space and we’ve explained that in
plan-space nodes denote plans, but we haven’t said what plans really are. In
fact this is a very subtle issue that we shall discuss in some depth, but for
now let’s consider a simple answer and suppose that a plan is represented as
a totally-ordered sequence of actions. In that case, we can view the familiar
REGWS algorithm as isomorphic to a plan-space planner! After all, at every
recursive call, it passes along an argument, path, which is a totally ordered

6Means-ends analysis, the problem solving strategy used by Gps [Newell and Simon,
1963] is especially important, both from a historical perspective and because of its ubiquity
in machine learning research on speedup learning [Minton, 1988, Minton et al., 1989b].
Unfortunately, Gps-like planners are incomplete (for example they cannot solve the Suss-
man anomaly) which complicates analysis and comparison to the algorithms in this paper.
Future work is needed to investigate the benefits, if any, of the Gps approach.

In fact, NoAH didn’t actually search the space in any exhaustive manner (i.e. unlike
NONLIN [Tate, 1977] it did no backtracking), but it is still credited with reformulating the
space in question.

11



Move A to B

Figure 6: Plan Space

sequence of actions (i.e., a plan). In fact, if we watch the successive values
of path at each recursive call, we get the picture shown in Figure 6.

In summary, the nature of the space being searched by an algorithm is
(somewhat) in the eye of the beholder. If we view REGWS as searching the
space of world-states, it’s a regression planner. If we view it as searching the
space of totally ordered plans, then the plan refinement operators modify the
current plan by prepending new actions to the beginning of the sequence.

So what’s the point of thinking about planning as a search process through
plan-space? This framework facilitates thinking about alternative plan re-
finement operators and leads to more powerful planning algorithms. For
example, by adding new actions into the plan at arbitrary locations one can
devise a planner that works much better than one which is restricted to
prepending the actions. However, we won’t describe that algorithm here
because it’s possible to do even better by changing the plan representation
itself, as described in the next section.

4.2 Partial Order Planning

Think for a moment about how you might solve a planning problem. For con-
creteness, we return to the introductory example of planning a trans-Atlantic
trip to IJCAI-93. To make the trip, one needs to purchase plane tickets and
also to buy a “Let’s Go” guide to France (to enable choosing hotels and
itinerary). However, there’s no need to decide (yet) which purchase should
be executed first. This is the idea behind least commitment planning — to
represent plans in a flexible way that enables deferring decisions. Instead of
committing prematurely to a complete totally ordered sequence of actions,
plans are represented as a partially ordered sequence and the planning algo-
rithm practices “Least Commitment” — only the essential ordering decisions
are recorded.

12



421 Plans Causal in s & Threats

We represent a plan as a three-tuple: in which  is a set of actions,

is a set of ordering constraints over , and  is a set of causal links
(described below). For example, if = 2 3 then  might be the
set 3 9 3 . These constraints specify a plan in which 3 is

necessarily the last (of three) actions, but does not commit to a choice of
which of the three actions comes first. Note that these ordering constraints
are consistent because there exists at least one total order that satisfies them.
As least commitment planners refine their plans, they must do constraint
satisfaction to ensure the consistency of . Maintaining the consistency of
a partially ordered set of actions is just one (simple) example of constraint
satisfaction in planning — we’ll see more in subsequent sections.

A key aspect of least commitment is keeping track of past decisions and
the reasons for those decisions. For example, if you purchase plane tickets
(to satisfy the goal of boarding the plane) then you should be sure to take
them to the airport. If another goal (having your hands free to open the taxi
door, say) causes you to drop the tickets, you should be sure to pick them
up again. A good way of ensuring that the different actions introduced for
different goals won’t interfere is to record the dependencies between actions
explicitly. To record these dependencies, we use a data structure, called a
causal lin , that was invented by Austin Tate for use in the NON IN planner
[Tate, 1977]. A causal link is a structure with three fields: two contain

pointers to plan actions (the link’s producer, , and its consumer, ); the
third field is a proposition, , which is both an effect of  and a precondition
of . We write such a causal link as and store a plan’s links in the
set

Causal links are used to detect when a newly introduced action interferes
with past decisons. We call such an action a threat. More precisely, suppose

that is a plan and is a causal linkin . Let  be a different

action in ; we say that  threatens when the following two criteria
are satisfied:

o U is consistent, and

o has as an effect.
For example, if  asserts =(on A B), which is a precondition of | and
the plan contains , then  would be considered a threat if it moved
A off B and the ordering constraints didn’t prevent  from being executed
between and

When a plan contains a threat, then there is a danger that the plan won’t
work as anticipated. To prevent this from happening, the planning algorithm

An alternative approach is to repeatedly compute these interactions, but this is often
less efficient.
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must check for threats and take evasive countermeasures. For example, the
algorithm could add an additional ordering constraint to ensure that is
executed before . This particular threat protection method is called demo-
tion; adding the symmetric constraint is called promotion. As we’ll
see in subsequent sections, there are other ways to protect against threats as
well.

422 epresenting Planning Problems as ull Plans

Uniformity is the key to simplicity. It turns out that the simplest way to
describe a plan-space planning algorithm is to make it use one uniform rep-
resentation for both planning problems and for incomplete plans. The secret
to achieving this uniformity is an encoding trick: the initial state description
and goal conjunct can be bundled together into a special three-tuple called
the null plan.

The encoding is very simple. The null plan of a planning problem has

two actions, = , one ordering constraint, = , and
no causal links: = . All the planning activity stems from these two
actions. is the “ start 7 action — it has no preconditions and its effect

specifies which propositions are true in the planning problem’s initial state
and which are false. is the “ end ” action — it has no effects, but
its precondition is set to be the conjunction from the goal of the planning
problem. For example, the null plan corresponding to the Sussman anomaly
is shown in Figure 7.

]

]

Figure 7: The null plan for the Sussman Anomaly contains two actions —

the “ start 7 action precedes the “ end ” action.

The rationale behind the names stems from the fact that demotion moves the threat

I erin the temporal ordering while promotion moves it higher.
1 Actually, we adopt the convention that every proposition which is not explicitly spec-
ified to be true in the initial state is assumed to be false. This is called the ¢l se rl

ass tt  or CWA.
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423 The por Algorithm

We now describe a simple, regressive algorithm that searches the space of
plans.  POP starts with the null plan for a planning problem and makes
nondeterministic choices until all conjuncts of every action’s precondition
have been supported by causal links and all threatened links have been pro-
tected from possible interference. The ordering constraints, , of this final
plan may still specify only a partial order — in this case, any total order con-
sistent with  is guaranteed to be an action sequence that solves the planning
problem. See Figure 8 — the first argument to POP is a plan structure and
the second is an agenda of goals that need to be supported by links. Each
item on the agenda is represented as a pair where  is a conjunct of
the precondition of . (Note: many times the identity of  will be clear
from the context and we will pretend that agenda contains propositions, such
as ,instead of pairs.)

It’s very important to understand how this algorithm works in detail,
so we now illustrate its behavior on the Sussman anomaly. When making
the initial call to POP, we provide two arguments: the null plan, shown in

Figure 7, and agenda = (on A B) (on B C) . Since agenda
isn’t empty, control passes to line 2. There are two choices for the immediate
goal: either =(on A B) or =(on B C) so POP must make a choice.

Now comes a crucial, but subtle point. POP has to choose between the two
subgoals, but this was not written with choose— why not? The answer
is that the choice does not matter as far as completeness is concerned —
eventually both choices must be made. As a result there is no reason for
a searching version of the program to backtrack over this choice. Does this
mean that the choice doesn’t matter? Absolutely not! One choice might
lead the planner to find an answer very quickly while the other choice would
lead to enourmous search. In practice, the choice can be very important
for efficiency and it is often useful to interleave reasoning about different
subgoals. But the order in which subgoals are considered by the planner
does not affect completeness and it is not important to a nondeterministic
algorithm — the same number of nondeterministic choices will be made either
way.

Anyway, suppose POP selects (on B C) from the agenda as the goal to
work on first; , s set to . Line 3 needs to choose (a real nondeter-

The pop planner is very similar to McAllester’s SNLP algorithm [McAllester and Rosen-
blitt, 1991] which is an improved formalization of Chapman’s T EAK planner [Chapman,
1987]. The difference between SNLP and POP concerns the definition of threat. SNLP treats

as a threat to a link when has  as an effect as well as when it has as
an effect. Although this may seem counterintuitive (what does it matter if  is asserted
twice?), this definition leads to a property, called s ste aticit , which reduces the over-
all size of the search space. It’s widely believed that systematicity is interesting from a
technical point of view, but does not necessarily lead to increased planning speed. See
[Kambhampati, 1993a)] for a discussion.
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Algorithm: pPop( , agenda, A)

1. Termination: If agenda is empty, return
2. oal selection: Let n be a pair on the agenda (by definition
n and  is a conjunct of the precondition of , ).

3. Action selection: Let = choose an action that adds  (either
a newly instantiated action from A, or an action already in  which
can be consistently ordered prior to , ). If no such action exists
then return failure. Let = U n , and let = U

no If is newly instantiated, then = U
and = U (otherwise let = ).

4. Update goal set: Let agenda = agenda — n It is
newly instantiated, then for each conjunct, , of its precondition add

to agenda .

5. Causal lin protection: For every action  that might threaten a

causal link choose a consistent ordering constraint, either
(a) Demotion: Add to ,or
(b) Promotion: Add ) to

If neither constraint is consistent, then return failure.

6. ecursive invocation: POP( , agenda , A).

Figure 8: P P: a regressive Partial Order Planner. The initial call must set
to the null plan for the problem and set AGEN A to the list of goal
conjuncts.

ministic choice, this time!) an action, , which has (on B C) as an effect.

Suppose that the magic oracle suggests making be a new instance of a

move-B-from-Table-to-C action. A new causal link, (on B ©) , 1s

added to , and the agenda is updated. Since there are no threats to the sole
link, line 6 makes a recursive call with the arguments depicted in Figure 9.
On the second invocation of POP agenda is still not empty, so another
goal must be chosen. Suppose that the (clear B) conjunct of the recently
added move-B-from-Table-to-C action’s precondition is selected as  in
line 2. Next, in line 3 choose is called to make the nondeterministic choice
of a producing action. Suppose that instead of instantiating a new action
(as we illustrated last time), the planner decides to reuse an existing one:
the “ start 7 action . The net effect of this pass through POP is to add a
single link to  as illustrated in Figure 10 and to shrink the agenda slightly.
Suppose that on the third invocation of POP, the planner selects the top-
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