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Abstract
Despite the long history of classical planning, there has been very little
comparative analysis of the performance tradeoffs offered by the multitude
of existing planning algorithms. This is partly due to the many different
vocabularies within which planning agorithms are usually expressed. In
this paper | provide a generalized algorithm for refinement planning, and
show that planners that search in the space of (partial) plans are specific
instantiations of this algorithm. The different design choicesin partial order
planning correspond to the different ways of instantiating the generalized
algorithm. | will analyze how these choices affect the search-space size
and refinement cost of the resultant planner. Finaly, | will concentrate
on two specific design choices, viz., protection strategies and tractability
refinements, and develop some hypotheses regarding the effect of these
choices on the performance on practical problems. | will support these
hypotheseswith a focussed empirical study.

1 Introduction

The idea of generating plans by searching in the space of (partialy
ordered or totally ordered) plans has been around for almost twenty
years, and has received alot of formalization in the past few years.
Much of this formalization has however been limited to providing
semantics for plans and actions, and proving soundness and com-
pleteness of planning agorithms. There has been very little effort
directed towards comparative analysis of the performance tradeoffs
offered by the multitude of plan-space planning algorithms.> An
important reasonfor thisstate of affairsisthe seemingly different vo-
cabularies and/or frameworks within which many of the algorithms
are usually expressed.

The primary purpose of this paper is to explicate the design
choicesin plan-space planners and understand the tradeoffs offered
by them. To thisend, | provide a generalized refinement planning
algorithm, Ref i ne- Pl an; describe the various ways in which its
individual steps can be instantiated; and explain how the various
instantiations cover the existing plan-space planners. | will then
develop models for analyzing the effect of different design choices,
i.e, the different ways of instantiating, Refi ne- Pl an, on the
search space size and refinement cost. Finaly, | will demonstrate
the practical utility of thisanalysisby usingit to predict therelative
performancedifferential s caused by the variousdesign choices. | will
evaluate these predictions with the help of empirical comparisons
between five normalized instantiations of Ref i ne- Pl an.

The paper is organized as follows: Section 2 discussesa unified
representation and semantics for partial plans. Section 3 presents

*Thisresearchis supportedin part by National Science Foundation under
grant IRI-9210997, and ARPA/Rome Laboratory planning initiative under
grant F30602-93-C-0039. Special thanks to David McAllester and Bulusu
Gopi Kumar for constructive suggestionsin the initial stages of this work,
and Dan Weld, Craig Knoblock, Qiang Yang and Eric Jacopin for helpful
discussions.

1The work of Barrett and Weld [1] as well as Minton et. a. [15] are
certainly stepsin theright direction. However, they do not tell the full story
since the comparison there was between a specific partial order and total
order planner. The comparison between different partial order plannersitself
isstill largely unexplored.

the generalized refinement planning algorithm and describesthe dif-
ferent ways of instantiating its components. Section 4 describesthe
effect of different instantiation choices on the search space size and
refinement cost of the resulting planning algorithm. Section 5 con-
siders the effect of various design choiceson practical performance.
Section 6 presentsthe conclusions.

2 Prdiminaries

A ground operator sequencesS : o1, 02, - - - 0, iISSAid to beasolution
toaplanningproblem[Z, G], where 7 istheinitia stateof theworld,
and G is the goa expression, if .S can be executed starting from Z,
and the resulting state will satisfy the goal expression. A solution S
issaid to be minimal if no operator sequenceobtained by removing
some operators from S can also be a solution. A planning strategy
is said to be complete if it can find al the minimal solutions for
any given problem. We will be assuming that the domain operators
are described in the ADL [17] representation with Precondition and
Effect formulas. The precondition and effect formulas are function-
free first order predicate logic sentences involving conjunction,
negation and quantification. The subset of this representation where
both formulas can be represented as conjunctions of function-free
first order literals, and all the variables have infinite domains, is
called the TWEAK representation (c.f. [2, 11]). We shall restrict our
discussionto TWEAK representation wherever possible to keep the
exposition smple.

Plan space planners search in the space of partiad plans. In
[8, 6], | argue that in refinement planning, partia plans are best
seen as constraint sets that implicitly represent al the ground
operator sequences(called candidates) that are consistent with those
congtraints. The goal of refinement planning is then to split these
candidate sets until asolution candidate can be picked up in bounded
time. The following 5-tuple provides a uniform representation
for partial plans that is applicable across all refinement planners:
(T, 0, B,8T, L) where: T isthe set of actions (step-names) in the
plan; T contains two distinguished step names tp and t.. S7 is
a symbol table, which maps step names to domain operators. The
specia step o is aways mapped to the dummy operator st art,
and similarly t. is always mapped to fi ni sh. The effects of
st art and the preconditionsof f i ni sh correspond, respectively,
to the initia state and the desired goals (of attainment) of the
planning problem. O is a partid ordering relation over T. B is
a set of codesignation (binding) and non-codesignation (prohibited
bindings) constraints on the variables appearingin the preconditions
and post-conditions of theoperators. £ isaset of auxiliary constraints
(see below).

A ground operator sequence.S isconsistent with the step, ordering
and binding constraints of the plan P aslong asit contains all the
steps of the partial plan, in an order and instantiation consistent with
O and B. For S to beacandidateof P, it should also satisfy the set of
auxiliary constraints specified by £.2 Animportant type of auxiliary

2For a more formal treatment of the semantics of candidate sets and
the auxiliary constraints, see [8]. There, | differentiate between two types
of auxiliary constraints-- auxiliary candidate constraints, which need to be



constraint is an interval preservation constraint (IPC), which is
specified asa 3-tuple: (s, p, s’}. A ground operator sequenceis said
to satisfy an IPC (s, p, s’} of a plan P,if there exists a mapping
M between the steps of P and the elements of S, such that M
is consistent with S7 and every operator of .S that comes between
M(s] and M[s'] preservesp.

To illustrate the above definitions, consider the partial plan Pg
given by the constraint set:

{t07 tl: t27 toc}, {to < tl, 11 < t27 tr < toc}, 0,
PE :

{t1 — 01,12 — 02,10 —» start ,t — fin},
{(tlypy t2>7 <t27 q7 toc)}

Let S be the ground operator sequenceo10z. S is a candidate of
Pr becauseit containsall the stepsof P (under the mapping S7)
in the order consistent with the ordering constraints of Pg. Further,
since there are no steps between o1 and o2, or o2 and the end of
S, the two interval preservation constraints are also satisfied. By
similar arguments, the ground operator sequenceo 1030204 is dso a
candidateaslong aso 3 preserves(does not delete) p and o 4 preserves

qg.

A ground linearization (aka completion) of a partia plan
P {T,0,B,87,L) is a fully instantiated total ordering of the
stepsof P that isconsistent with O (i.e., atopological sort) and B. A
ground linearization of aplanissaid to be asafeground lineariza-
tion if and only if the ground operator sequence corresponding to
it (modulo mapping ST) satisfiesall the auxiliary constraints of the
plan. For the exampleplan Pg discussedabove, tot1toto iStheonly
ground linearization, and it is also a safe ground linearization (since
010> satisfiesthe auxiliary constraints of Pg).

A partial planissaidto beinconsistent if its candidateset isempty
(i.e., there exists no ground operator sequencethat is consistent with
the constraints of the plan). It can be shown [8] that a partial plan
is consistent if it has at least one safe ground linearization, and
inconsistent otherwise.

3 A generalized algorithm for Partial-order Plan-
ning
The procedureRef i ne- Pl an in Figure 1 describesageneralized
refinement-planning algorithm, the specific instantiations of which
cover most of the existing partial-order (plan-space) planners.®
Given a planning problem [I,G], where I is the initial state
specification and G is a set of goals (of attainment), the planning
processisinitiated by invoking Ref i ne- Pl an with thenull partial
plan Py where

Po: {{to,to }s {to <t }, 0, {to — Start ,tc — fin}, 0)

Table 1 characterizes many well-known planning algorithms as
instantiations of Ref i ne- Pl an. In the following, | will briefly
discusstheindividua stepsRef i ne- Pl an.

Goal Selection and Establishment: The primary refinement opera-
tion in planning is the so-called establishment operation. It selectsa
precondition {(C, s} of the plan (where C is aprecondition of astep
s), and refines (i.e., adds constraints to) the partia plan such that
different steps act as contributors of C to s in different refinements.
Pednault [17] providesageneral theory of establishment refinement
for plans containing actions with conditional and quantified effects.
Syntactically, each refinement corresponds to adding different sets
of new step, ordering and binding constraints (as well as additional
secondary preconditions, in the case of ADL actions [17]) to the
parent plan.

satisfied by every candidate of the plan, and auxiliary solution constraints
which need to be satisfied only by those candidates of the plan that are
solutions to the planning problem. To keep things simple, | am assuming
that all the auxiliary constraints are auxiliary candidate constraints.

3An important exception is the hierarchical task reduction planners, such
as SIPE [22], O-Plan [3]. However, see [7] for a discussion of how
Refine-Plan can beextended to cover these planners.

Algorithm Refine-Plan(P) /* Returns refinements of P */
Parameters: (¢) sol: Solution constructor function. ()
pi ck- prec: the routine for picking the goa to be established.
(722) i nt er act s?: the routine used by pre-ordering to check if
apair of stepsinteract. (zv) conflict-resol ve: theroutine
which resolves conflicts with auxiliary candidate constraints.

0. Termination Check: If sol (P, G) returns a solution candi-
date, return it, and terminate. If it returns *fail*, fail.
Otherwise, continue.

1. Goal Selection: Using the pi ck- prec function, pick a goa
{(C, s} (where C is a precondition of step s) from P to
establish. Not a backtrack point.

2.1. Goal Establishment: Non-deterministically select a new or
existing establisher step s’ for {C,s). Introduce enough
ordering and binding constraints, and secondary preconditions
to the plan such that (:) s’ precedes s (iz) s’ will have an
effect C, and (¢4¢) C will persist until s (i.e., C is preserved
by al the steps intervening between s’ and s). Backtrack
point; all establishment possibilities need to be considered.

2.2. Book Keeping: (Optional) Add auxiliary constraints noting
the establishment decisions, to ensure that these decisionsare
protected by any later refinements. Thisin turn reduces the
redundancy in the search space. The protection strategies may
be one of goal protection, interval protection and contributor
protection (seetext). The auxiliary constraintsmay be one of
point truth constraints or interval preservation constraints.

3. Tractability Refinements: (Optiona) These refinements help
in making the plan handling and consistency check tractable.
Use either one or both:

3.a. Pre-Ordering: Imposeadditional orderingsbetweenev-
ery pair of steps of the partial plan that possibly interact
according to the static interaction metrici nt er act s?.
Backtrack point; all interaction orderings need to be
considered.

3.b. Conflict Resolution: Add orderings, bindings and/or
secondary (preservation) preconditions to resolve con-
flicts between the steps of the plan, and the plan’s auxil-
iary candidate constraints. Backtrack point; all possible
conflict resolution constraints need to be considered.

4. Consistency Check: (Optiona) If the partial plan is incon-
sistent (i.e., has no safe ground linearizations), fail. Else,
continue.

5. Recursivelnvocation: Recursively invoke Refi ne-pl an
on the refined plan.

Figure 1: A generalized refinement algorithm for plan-space plan-
ning

The strategy usedto select the particular precondition {C, s} to be
established, (called goal selection strategy) can be arbitrary, demand
driven (e.g. select agoal only when it is not necessarily truein al
ground linearizations of the current partial plan), or can depend on
some ranking based on precondition abstraction [19]. The cost of
using each type of goa selection strategy depends on the type of
partial plans maintained by the planner (see Table 1).
Protecting establishmentsthrough book keeping: It ispossibleto
limit Ref i ne- Pl an to establishment refinements alone and still
get a sound and complete planner. Chapman’s Twesk [2] is such
a planner. However, such a planner is not guaranteed to respect
its previous establishment decisions while making new ones, and
thus may do alot of redundant work in the worst case. The book-
keeping step attemptsto reducethis redundancy by posting auxiliary
constraints on the partial plan to protect the establishments.

The protection strategies used by classical partial order planners



| Planner | Soln. Constructor Goal Selection [ Book-keeping | Tractability Refinements ||
Tweak [2] MTC-based O(n?) MTC-based O(»*) | None None
UA [15 MTC-based O(n*) MTC-based O(n*) | None Unambiguousordering
Nonlin [21] MTC (Q&A) based Arbitrary O(1) Interval & Goal Protection viaQ&A | Conflict Resolution
TOCL [1] Protection based O(1) | Arbitrary O(1) Contributor protection Total ordering
Pedestal [13] Protectionbased O(1) | Arbitrary O(1) Interval Protection Tota ordering
SNLP[14] Protection based Arbitrary Contributor protection Conflict resolution
UCPOP[18] o) 0(Q1)
MP, MP-I [9] Protection based Arbitrary (Multi) contributor protection Conflict resolution
SNLP-UA (Sec. 5) || MTC based O(n?) MTC based O(n%) | Contributor protection Unambiguous Ordering
SNLP-MTC MTC based O(n%) MTC based O(n*) | Contributor protection conflict resolution
McNONLIN-MTC || MTC based O(n?) MTC based O(n?) | Interval protection conflict resolution

Table 1: Characterization of existing planners as instantiations of Ref i ne- Pl an. The last three planners have not been described in the
literature previously. They are used in Section 5 to facilitate normalized comparisons.

come in two main varieties: interval protection (aka causal link
protection, or protection intervals), and contributor protection (aka
exhaustive causal link protection [9]). They can both be represented
in terms of the interval preservation constraints.

Supposethe planner just established acondition ¢ at step s with the
help of the effectsof thestep s'. For plannersusinginterval protection
(e.g., PEDESTAL [13]), the book-keeping constraint requires that
no candidateof the partial plan canhave p del eted between operators
correspondingto s’ and s. It canthusbe modeledin terms of interval
preservation constraint {s’, p, s). Finaly, for book keeping based
on contributor protection, the auxiliary constraint requires that no
candidate of the partia plan can have p either added or deleted
between operators corresponding to s’ and s.* This contributor
protection can be modeled in terms of the twin interval preservation
congtraints (s’, p, s) and (s’, =p, 5).°
Consistency Check: The aim of the consistency check is to prune
inconsistent nodes (i.e., hodes with empty candidate sets) from the
search space, thereby improving the performance of the overall
refinement search.® The consistency check can be done by ensuring
that the partial plan has at |east one safe ground linearization. This
requires checking each ground linearization against al the auxiliary
constraints. For genera partial orderings with causal-link based
auxiliary constraints, the consistency check isNP-hard [20] even for
TWEAK action representation.

Pre-ordering and Conflict Resolution to aid tractable refine-
ment: Both preordering and conflict resolution steps aim to make
Ref i ne- Pl an tractable by making the consistency check polyno-

mial. In the case of pre-ordering, this aim is achieved by restricting
the type of partial orderings in the plan such that consistency with
respect to auxiliary constraints can be checked without explicitly
enumeratingall the groundlinearizations. Two possiblepre-ordering
techniquesaretotal orderingand unambiguousordering[15]. Total

ordering orders every pair of stepsin the plan, while unambiguous
ordering orders a pair of steps only when their preconditions and
effects have an overlap (thereby making it possible that the two
steps will interact). Both of them guarantee that in the refinements
produced by them, either al ground linearizations will be safe or
none will be. Thus, consistency can be checked in polynomial

time by examining any one ground linearization. In the case of
conflict resolution, the partia plan is refined (by adding ordering
and binding constraints) until each possibleviolation of the auxiliary
congtraint (called conflict) is individually resolved. This ensures
that all remaining ground linearizations are safe. Thus, checking the
partial plan consistency will amount to checking for the existence of
ground linearizations (which can be done by checking ordering and

4See [6] for a coherent reconstruction of the ideas underlying goal
protection strategies.

SMulti-contributor protections, such as those described in [9] can be
represented as a disjunction of IPCs.

8Thus, from completeness point of view, consistency check is really an
optional step.

binding consistency).

Solution Constructor function: The job of a solution-constructor
functionistolook for and return asolution candidatethat is cons stent
with the current constraints of the partia plan.” Existing solution
constructors fall into two broad categories -- (z) those which use
the modal truth criterion (MTC) to check that all the safe ground
lineari zations correspond to sol utionsand (zz) thosethat dependupon
interval and contributor protection strategies and conflict resolution
(see below) to guaranteethat all goals are established and that none
of the establishments are violated (we call these protection based
constructors). 8

4 Modding and Analysisof Design Tradeoffs

Table 1 characterizes many of the well known plan-space plan-
ning algorithms as instantiations of the Ref i ne- Pl an algorithm.
Understanding the performance tradeoffs offered by the various
planners is thus reduced to understanding the ramifications of in-
stantiating the Ref i ne- Pl an agorithm in different ways. In
this Section, | discuss how these instantiation choices affect the
sear ch spacesize and the refinement cost (the per-invocation cost of
Ref i ne- Pl an) of theresulting planners.

I will start by devel oping two complementary modelsfor the size
of the search space explored by Ref i ne- Pl an in a breadth-first
search regime. Suppose F 4 isthe d** level fringe of the search tree
explored by Ref i ne- Pl an. Let kg > 0 bethe average size of the
candidatesetsof thepartial plansinthed®” level fringe, and pa(> 1)
be the redundancy factor, i.e., the average number of partial planson
the fringe whose candidate sets contain agiven candidatein X (see
Section 2). It iseasy to seethat | F4| x k4 = |K| X pa (Where|.| is
used to denotethe cardinality of aset).® If b isthe average branching
factor of the search, thenthe size of d** level fringe is also given by

“Note that solution constructor function may also return a *fail* on a
given partial plan. The difference between this and the consistency check is
that the latter fails only when the partial plan has an empty candidate set,
while the solution constructor can fail as long as the candidate set of the
partial plan does not contain any solutions to the given problem.

8The solution constructors discussed above are all conservative in that
they requirethat all safe ground linearizations of a partial plan be solutions.
In [8], we show that it is possible to provide polynomial k-eager solution
constructors, which randomly check k& safe ground linearizations of the
plan to see if any of them are solutions. These constructors are sound and
complete and are guaranteed to terminate the search before the conservative
constructor functions.

SAlthough both | K| and & 4 can beinfinite, by restricting our attention to
minimal solutions, it is possible to construct finite versions of both. Given
a planning problem instance P, let I, be the length of the longest ground
operator sequencethat is aminimal solution of P. We can now define K to
be the set of al ground operator sequencesof up to length ... Similarly, we
can redefine the candidate set of a partial plan to consist of only the subset
of its candidates that are not longer than I, .
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Figure 2: Comparative performancein ART-MD-RD domain (see text)

5. Thus, we have,

Fal & O@%) ~ KX P2

Kd
Theaveragebranching factor, b canbesplit into two components, b .,
the establishment branching factor, and b, thetractability refinement
branchingfactor, suchthat b = b. x b:. b. and . correspond, respec-
tively, to the branching madein steps2 and 3 of the Ref i ne- Pl an
algorithm.

If C is the average cost per invocation of the Refi ne- Pl an
algorithm, and d. is the effective depth of the search, then the cost
of theplanningisC x | F4.|. C itself can be decomposedinto three
main components: C = C. +C. +C,, whereC., isthe establishment
cost (including the cost of selecting the goa to work on), C is the
cost of solution constructor, and C. is the cost of consistency check.
Armed with thismodel of the search space size and refinement cost,
we shall now look at the effect of the various ways of instantiating
each step of the Ref i ne- Pl an algorithm on the search spacesize
and the cost of refinement.

Solution Constructor: Stronger solution constructors alow the
search to end earlier, reducing the effective depth of the search, and
thereby the size of the explored search space. In terms of candidate
space view, stronger solution constructors lead to larger x4 at the
termination fringe. However, at the sametime they increase the cost
of refinement C (specifically the C, factor).

Book K eeping: Addition of book-keepingtechniquestend to reduce
theredundancy factor p 4. In particular, use of contributor protection
makes the search systematic, eliminating all the redundancy in the
search space and making p 4 equal to 1 [14, 6]. Thistendsto reduce
the fringe size, | F4|. Book keeping constraints do however tend to
increase the cost of consistency check. In particular, checking the
consistency of a partial plan containing interval preservation con-
straintsis NP-hard even for ground plansin TWEAK representation
(cf. [20]).

Consistency Check: As mentioned earlier, the motivation behind
consistency check is to avoid refining inconsistent plans (or the
plans with empty candidate sets). Refining inconsistent plans is a
uselessactivity and popul atesthe search fringewith planswith empty
candidatesets, driving down & 4. Thestronger the consistency check,
the smaller this reduction. In particular, if the planner uses a sound
and complete consistency check that is capable of identifying every
inconsistent plan, then the average candidate set « 4 is guaranteed to
be greater than or equal to 1. Combined with a systematic search,
this will guarantee that the fringe size of the search will never be
greater than the size of the candidate space |[K|. Such a search is
called a strong systematic search. In terms of the refinement cost,

stronger consistency checks tend to be costlier, thereby driving up
the refinement cost (in particular C.).

Tractability Refinements: The primary motivation for tractability
refinements, whether pre-ordering or conflict-resolution, isto make
the consistency check tractable. They thus primarily reduce the
C. component of refinement cost. In the case of pre-ordering
refinements, they also tend to reduce the cost of goal selection and
solution-construction, especialy when the latter are based on MTC
(thereby reducing the C, and C. components) [6]. Intermsof search
space size, tractability refinements further refine the plans coming
out of the establishment stage, increasing the b; component of the
branching factor. While conflict resolution strategies introduce
orderings between steps based both on the static description of the
steps (such astheir effects and preconditions) and the role played by
them in the current partial plan, the pre-ordering strategies consider
only the static description of the steps. Thus, the b; increase
is typically higher for pre-ordering than for conflict resolution
strategies.

5 Empirical Analysisof Performance Tradeoffs

In this section, | will evaluate the utility of the tradeoffs model
developed in the previous section in predicting and explaining
empirical performance. From Table 1, we note that two prominent
dimensions of variation among existing planners are the book-
keeping strategies and tractability refinements they use. In the
interests of space, we shall restrict our attention to the performance
tradeoffs offered by these dimensions of variation.

An important prerequisite for any such comparative analysis is
to normalize the effects of other dimensions of variation. Our
generaized algorithm provides a systematic basis for doing such
a normalization. In particular, | will consider five instances of
Ref i ne- Pl an, called SNLP-MTC, UA, SNLP-UA, TWEAK and
McNONLIN-MTC, which differ only in the book-keeping strate-
gies and the tractability refinements. All these planners use the
same MTC-based goal selection strategy, and MTC-based solution
constructor function (see Section 3). SNLP-MTC and SNLP-
UA use contributor protection, while McNonlin-MTC usesinterval
protection[6, 9]. UA and SNLP-UA use unambiguous preordering
strategies (SNLP-UA uses a stronger notion of interaction which
makes two steps interact even if they share add list literals [6]).
SNLP-MTC and McNONLIN-MTC use conflict resolution strate-
giesastheir tractability refinements.

5.1 Tractability Refinements

Fromthediscussionin Section 4, we notethat presence of tractability
refinements increases b:. Specificaly, we can see that for the
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five planners that we are considering, b:(SNLP-UA) > b:(UA) >
b:(SNLP-MTC) > b;(McNONLIN-MTC) > b,(TWEAK). Barring
any other interactions, theincreasein b: should increasethe average
branching factor of the search, and should consequently increase
search space size exponentialy. Unless the refinement cost is also
reduced exponentialy (whichis not the casefor thesefive planners,
and is unlikely in general; Section 4), we would expect planners
using more eager tractability refinements (i.e., higher ;) to perform
worse than those using less eager (or no) tractability refinements
under breadth-first search regime.

To evaluate this hypothesis, | compared the performance of the
five planners on problems from an artificial domain caled ART-
MD-RD [10], whichis specified as:

A; prec: I headd: Gi hf del: {I;|j < :}U{he} for eveni
A; prec: I, hf add: G;,hedel: {I;|j < i} U {hf} forodd:

The plotsin Figure 2 show the performance of the five planners
on problems from this domain. Each point in the plot corresponds
to an average over 30 random problems with the given number of
goals (drawn from {G1 - - - Gg}). Theinitia stateisthe samefor all
the problems, and contains {I1 - - - Is} + {he}. The plots show the
performances for two different goal orderings (over and above the
MTC-based goal selection strategy). In LIFO ordering, a goal and
all its subgoals (which are not necessarily true according to MTC)
are established before the next higher level goal is addressed. In the
FIFO ordering, al the top level goals are established before their
subgoals are addressed. All the planners use number of stepsin the
partial plan asthe heuristic.

If the performance depended only on the 5. factor, we would
expect to see planners with less eager tractability refinements per-
form better. We note that although our hypothesis holds for FIFO
ordering, for LIFO ordering, the observed relative performance is
exactly the reverse of what is predicted by this hypothesis. What is
more, the plots of average branching factors of the five plannersin
Figure 3 show that in LIFO ordering, the overall branching factors
are opposed to the pattern of b:.

To understand this apparent discrepancy, we start by noting
that our hypothesisignores possible secondary interactions between
tractability refinements and other parts of the Ref i ne- Pl an ago-
rithm. One such interaction is between tractability refinement and
establishment refinement. Specifically, the additional linearization
of the plan done at the tractability refinement stage may sometimes
wind up reducing the number of possible establishment refinements
for the goals considered in later stages. This could, in turn reduce
b.. Sinceb = b. x b:, the overall effect of tractability refinements
on the search space thus depends on whether or not the increasein

Planner LIFO FIFO
pa_| ka pa_| Ka
Tweak 1.47 2.93 132 | 30.14
UA 1.76 1.0 1.01 1.0
McNonlin-MTC || 1.004 | 1.007 || 1.22 | 34.77
SNLP-MTC 1.0 g7 10 | 13.87
SNLP-UA 1.0 .87 1.0 | 0.88

Table 2. Estimates of average redundancy factor and average
candidate set size at the termination fringe for 30 random 6-goal
problemsin ART-MD-RD domain

b. is accompanied by any fortuitous decreasein b.. (A variant of
this type of interaction wasfirst observed by Knoblock and Yangin
their experiments[12].)

The behavior of the five planners in LIFO ordering can be
explained in terms of the interaction between b; and b.. In the
case of LIFO ordering, each planner is forced to work on ke and
hf conditions explicitly. These are high-frequency conditions (c.f.
[10]) in the sensethat there are many actions that can add or delete
them. Because of this, the branching factor at the establishment
refinement is very high for these conditions, and becomes the
dominating factor affecting the performance. Planners using eager
tractability refinements have more linearized partia plans and thus
offer fewer establishment possibilities than those with less eager
tractability refinements. Thus, TWEAK, which does not introduce
any tractability orderings, and maintains a more unordered partial
plan, incurs the full effect of increased b., while the other four
planners mitigate it through the linearization introduced through
tractability refinement. This explains why the planners with eager
tractability refinements perform better.

The situation reverses (and becomes more normd) in the FIFO
ordering, where al the top level goals are first addressed before
their preconditions. Since G;, I; goals are worked on first, and
the resulting ordering indirectly establishesk f/he goals, the high-
frequency conditions are either not considered for establishment
explicitly, or are considered late in the search. Thus, b. no longer
dominates the over al branching factor, and planners with more
eager tractability refinement (and higher b;) perform worse than
those with less eager tractability refinement, as expected.

5.2 Book Keeping/Protection Strategies

I will now turn to the effect of protection strategies on performance.
From thediscussionin Section 4, wenotethat the primary purposeof
the book-keeping strategiesisto reducethe redundancy in the search
space. Table 2 showsthe estimates of theaverageredundancy factors



at thetermination fringe of the five plannersfor 30 6-goal ART-MD-
RD problems.® As to be expected, SNLP-MTC and SNLP-UA,
which use contributor protections, have no redundancy (o4 = 1).
However, from the plotsin Figure 2, we note that the performance
profiles in ART-MD-RD domain are not in correspondence with
the redundancy factors. From the same plots, we also note that
SNLP-UA, which uses the contributor protection, is closer to UA
than SNLP-MTC in performance.

The lack of direct correlation between protection strategies and
performance should not be surprising. As shown in [10], the
redundancy in the search space is expected to affect performance
only when the planner is forced to examine a significant part of its
search space before finding the solution. Thus, we expect that the
differencesin protection strategies alonewill affect the performance
only when the apparent solution density is low enough to force the
planner to search asubstantial part of its search space.

To evaluate this hypothesis further, | compared TWEAK and
SNLP-MTC in a variant of ART-MD-RD domain without the
Rf/he conditions (similar to D™ domain described in [1]),
where their average performances are similar. Both planners were
started off with a mingoals heuristic, which ranks a partia plan by
the number of outstanding open-conditions (i.e., preconditions that
are not necessarily true according to MTC). | then systematically
varied the probability p (called the misdirection parameter) with
which both planners will reject the direction recommended by the
heuristic and will select the worst ranked branch instead. Assuming
that the initial heuristic was a good heuristic for the problem, to
a first order of approximation, we would expect that increasing
misdirection parameter degrades the planner’s ability to zero-in on
the solutions, forcing it to consider larger and larger parts of its
search space. By our hypothesis, strong protection strategies should
help in such situations.

The third plot in Figure 3 shows the the performance of the
planners (measured in terms of average cpu time taken for solving
a set of 20 random problems), as a function of misdirection pa-
rameter. It showsthat as the misdirection parameter increases, the
performance of TWEAK, which employs no protections, degrades
much more drastically than that of SNLP-MTC, which employs
contributor protection. Theseresults thus support our hypothesis.

5.3 Experimental Conclusions

While our experimentsinvolved only two artificial domains, they do
bring out some general patterns regarding the effect of tractability
refinements and protection strategies on performance. They show
that the empirical performance differential sbetween thefive planners
are determined to alarge extent by the differencesin the tractability
refinements than by the differences in protection strategies. The
protection strategies themselves only act as an insurance policy that
pays off in the worst-case scenario when the planner is forced to
look at a substantial part of its search space.

Further, although eager tractability refinements will degrade the
performance in general, they may sometimes improve the perfor-
mance because of the indirect interaction between b, and b.. Two
factorsthat arepredictive of theb; —b. interaction are (z) the presence
of high-frequency conditions (i.e., conditions which are established
and deleted by many actions in the domain) and (i) whether the
high-frequency conditions are selected for establishment towards
the beginning or the end of the planning process. The experiments
also show that the performance of plannersusing conflict resolution
strategiesis more stablewith respect to the b, and b interaction than
that of planners using pre-ordering strategies. This can be explained
by the fact that the former are more sensitive to the role played by
the stepsin the current partial plan than the latter.

10The estimates were made by considering the ground operator sequences
correspondingto the safe ground|linearizations of the plansat thetermination
fringe.

6 Conclusion

The primary contribution of this paper is a unified framework for
understanding and analyzing the design tradeoffs in partial-order
plan-space planning. | started by developing a generic refinement
planning agorithmin Section 3, and showed that most existing plan-
space planners are instantiations of thisalgorithm. | then devel oped
a model for estimating the refinement cost and search space size
of Refine-Plan and discussed how they are affected by the
different design choices. Finally, | have described some preliminary
empirical studies aimed at understanding the effect of two of these
choices-- tractability refinements and protection strategies -- on the
relative performance of different planners. These studies show that
the performance is affected more by the differences in tractability
refinements than by the differences in protection strategies. While
this paper makes an important start towards understanding of the
comparative performance of partial-order planners, further work
is gtill needed to develop a predictive understanding of which
instantiations of Ref i ne- Pl an will perform best in which types
of domains. Finaly, athough | concentrated on partial order
planners, in [7] | show that Ref i ne- Pl an can also be extended to
cover task reduction planners.
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