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Preface

With the increasing deployment of planning and scheduling systems, developers
often have to deal with very large search spaces, real-time performance demands,
and dynamic environments. Complete refinement methods do not scale well, ma-
king local search methods the only practical alternative. A dynamic environment
also promotes the application of local search, the search heuristics not normally
being affected by modifications of the search space. Furthermore, local search is
well suited for anytime requirements because the optimization goal is improved
iteratively. Such advantages are offset by the incompleteness of most local search
methods, which makes it impossible to prove the inconsistency or optimality of
the solutions generated. Popular local search approaches include evolutionary al-
gorithms, simulated annealing, tabu search, min-conflicts, GSAT, and Walksat.
The first article in this book — an invited contribution by Stefan Vofl — gives an
overview of these methods.

The book is based on the contributions to the Workshop on Local Search for
Planning & Scheduling, held on August 21, 2000 at the 14th European Confe-
rence on Artificial Intelligence (ECAI2000) in Berlin, Germany. The workshop
brought together researchers from the planning and scheduling communities to
explore these topics with respect to local search procedures. After the workshop,
a second review process resulted in the contributions to the present volume.

Vof’s overview is followed by two articles, by Hamiez and Hao and Gerevini
and Serina, on specific “classical” combinatorial search problems. The article by
Hamiez and Hao addresses the problem of sports-league scheduling, presenting
results achieved by a tabu search method based on a neighborhood of value
swaps. Gerevini and Serina’s article addresses the topic that dominates the rest
of the book: action planning. It builds on their previous work on local search
on planning graphs, presenting a new search guidance heuristic with dynamic
parameter tuning.

The next set of articles deal with planning systems that are able to incor-
porate resource reasoning. The first article, of which I am the author, makes it
clear why conventional planning systems cannot properly handle planning with
resources and gives an overview of the constraint-based EXCALIBUR agent’s plan-
ning system, which does not have these restrictions. The next three articles are
about NASA JPL’s ASPEN/CASPER system. The first one — by Chien, Knight,
and Rabideau — focuses on the replanning capabilities of local search methods,
presenting two empirical studies in which a continuous planning process clearly
outperforms a restart strategy. The next article, by Engelhardt and Chien, shows
how learning can be used to speed up the search for a plan. The goal is to find a
set of search heuristics that guide the search as well as possible. The last article
in this block — by Knight, Rabideau, and Chien — proposes and demonstrates,
a technique for aggregating single search moves so that distant states can be
reached more easily.



VI Preface

The last three articles in this book address topics that are not directly related
to local search, but the described methods make very local decisions during the
search. Refanidis and Vlahavas describe extensions to the GRT planner, e.g., a
hill-climbing strategy for action selection. The extensions result in much better
performance than with the original GRT planner. The second article — by Ona-
india, Sebastia, and Marzal — presents a planning algorithm that successively
refines a start graph by different phases, e.g., a phase to guarantee comple-
teness. In the last article, Hiraishi and Mizoguchi present a search method for
constructing a route map. Constraints with respect to memory and time can be
incorporated into the search process.

I wish to express my gratitude to the members of the program committee,
who acted as reviewers for the workshop and this volume. I would also like to
thank all those who helped to make this workshop a success — including, of
course, the participants and the authors of papers in this volume.

June 2001 Alexander Nareyek
Workshop Chair
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Meta-heuristics: The State of the Art

Stefan VoS3

Technische Universitdt Braunschweig
Institut fir Wirtschaftswissenschaften
Abt-Jerusalem-Strafie 7
D-38106 Braunschweig, Germany
stefan.voss@tu-bs.de

Abstract. Meta-heuristics support managers in decision-making with
robust tools that provide high-quality solutions to important applica-
tions in business, engineering, economics and science in reasonable time
horizons. In this paper we give some insight into the state of the art of
meta-heuristics. This primarily focuses on the significant progress which
general frames within the meta-heuristics field have implied for solv-
ing combinatorial optimization problems, mainly those for planning and
scheduling.

1 Introduction

Many decision problems in business and economics, notably including those in
manufacturing, location, routing, and scheduling may be formulated as opti-
mization problems. Typically these problems are too difficult to be solved ex-
actly within a reasonable amount of time and heuristics become the methods of
choice. In cases where simply obtaining a feasible solution is not satisfactory, but
where the quality of solution is critical, it becomes important to investigate effi-
cient procedures to obtain the best possible solutions within time limits deemed
practical.

Due to the complexity of many of these optimization problems, particularly
those of large sizes encountered in most practical settings, exact algorithms often
perform very poorly (in some cases taking days or more to find moderately
decent, let alone optimal, solutions even to fairly small instances). As a result,
heuristic algorithms are conspicuously preferable in practical applications.

Among the most studied heuristics are those based on applying some sort
of greediness or applying priority based procedures including, e.g., insertion and
dispatching rules. As an extension of these, a large number of local search ap-
proaches has been developed to improve given feasible solutions. The main draw-
back of these approaches, their inability to continue the search upon becoming
trapped in a local optimum, leads to consideration of techniques for guiding
known heuristics to overcome local optimality. Following this theme, one may
investigate the application of intelligent search methods like the tabu search
meta-heuristic for solving optimization problems.

In this paper we sketch the state of the art of meta-heuristics mainly from an
operations research perspective, knowing that probably any attempt to be fully

A. Nareyek (Ed.): Local Search for Planning and Scheduling, LNAT 2148, pp. 1-23] 2001.
© Springer-Verlag Berlin Heidelberg 2001



2 S. Vof

comprehensive in this respect within a single paper has to fail. Moreover, we
try to provide some insights and highlight most of the areas of interest with the
primary focus on the significant progress which general frames within the meta-
heuristics field have implied for solving combinatorial optimization problems and
provide important references.

In Section Bl we present an introduction to heuristics and meta-heuristics
and provide necessary preliminaries. In Section B] we describe the ingredients
and basic concepts of various strategies like tabu search, simulated annealing and
genetic algorithms. This is based on a simplified view of a possible inheritance
tree for heuristic search methods, illustrating the relationships between some of
the most important methods discussed below, as shown in Figure [l

Heuristic
Search
[ |
Heuristic Evolutionary
Measure Algorithm
Simulated Tabu
Steepest Annealing Search
Descent % $
Pilot _‘ 0 OO0
Method ‘ SA Johnson et al. ‘ ‘ TS static ‘

‘ TS reactive‘ ‘ TS ... ‘

Fig. 1. Simplified meta-heuristics inheritance tree.

This is followed by some recent advances including the important incorpora-
tion of exact methods into intelligent search. The main focus of this section (and
the overall paper) is to show that general frames such as adaptive memory pro-
gramming exist that may subsume various approaches within the meta-heuristics
field. Finally, some conclusions and ideas for future research are given.

2 Heuristics: Patient Rules of Thumb and Beyond

The basic concept of heuristic search as an aid to problem solving was first intro-
duced by [83]. A heuristidll is a technique (consisting of a rule or a set of rules)
which seeks (and hopefully finds) good solutions at a reasonable computational
cost. A heuristic is approzimate in the sense that it provides (hopefully) a good
solution for relatively little effort, but it does not guarantee optimality.

! In Greek we have heuriskein: to find, to discover.
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Reviewing the literature, there is a great variety of definitions that more or
less conform with our introductory remark (see, e.g., [73[79)87I118]). Moreover,
the usual distinction refers to finding initial feasible solutions and improving
them. Arguing why heuristics are useful need not be considered here as obvi-
ous reasons are widely discussed throughout the literature (see, e.g., [30] for
complexity issues).

2.1 Intuition (Starting Greedily)

Heuristics provide simple means of indicating which among several alternatives
seems to be the best. And basically they are based on intuition. That is, “heuris-
tics are criteria, methods, or principles for deciding which among several alterna-
tive courses of action promises to be the most effective in order to achieve some
goal. They represent compromises between two requirements: the need to make
such criteria simple and, at the same time, the desire to see them discriminate
correctly between good and bad choices. A heuristic may be a rule of thumb that
is used to guide one’s action.” [[(9]

Greedy heuristics are simple heuristics available for any kind of combinatorial
optimization problem. They are iterative and a good characterization is their
myopic behavior. A greedy heuristic starts with a given feasible or infeasible
solution. In each iteration there is a number of alternative choices (moves) that
can be made to transform the solution. From these alternatives which consist
in fixing (or changing) one or more variables, a greedy choice is made, i.e., the
best alternative according to a given evaluation measure is chosen until no such
transformations are possible any longer.

Usually, a greedy construction heuristic starts with an incomplete solution
and completes it stepwise. Savings and dual algorithms follow the same iterative
scheme: Dual heuristics change an infeasible low cost solution until reaching
feasibility, savings algorithms start with a high cost solution and realize the
highest savings as long as possible. Moreover, in all three cases, once an element
is chosen this decision is not reversed throughout the algorithm, it is kept.

As each alternative has to be measured, in general we may define some sort
of heuristic measure (see, e.g., [20]) which is iteratively followed until a complete
solution is build. Usually this heuristic measure is performed in a greedy fashion.

2.2 Local Search

The basic principle of local search is that solutions are successively changed by
performing moves which alter solutions locally. Valid transformations are defined
by neighborhoods which give for a solution all neighboring solutions that can be
reached by one move[d For an excellent general survey on local search see the
collection of [T] and the references in [2]. A simple template is provided by [104].

2 Formally, we consider an instance of a combinatorial optimization problem with a
solution space S of feasible (or even infeasible) solutions. To maintain information
about solutions, there may be one or more solution information functions I on S,
which are termed exact, if I is injective, and approximate otherwise. With this
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Moves must be evaluated by some heuristic measure to guide the search.
Often one uses the implied change of the objective function value, which may
provide reasonable information about the (local) advantage of moves. Following a
greedy strategy, steepest descent (SD) corresponds to selecting and performing in
each iteration the best move until the search stops at a local optimum. Obviously,
savings algorithms (see Section [2:)) correspond to SDB

As the solution quality of local optima may be unsatisfactory, we need mech-
anisms which guide the search to overcome local optimality. A simple strategy
called iterated local search is to iterate/restart the local search process after a
local optimum has been obtained, which requires some perturbation scheme to
generate a new initial solution (e.g., performing some random moves). Of course,
more structured ways to overcome local optimality might be advantageous.

Starting in the 1970s [65], a variable way of handling neighborhoods is still a
topic within local search. Consider an arbitrary neighborhood structure IV, which
defines for any solution s a set of neighbor solutions Ni(s) as a neighborhood
of depth d = 1. In a straightforward way, a neighborhood Nyy1(s) of depth
d + 1 is defined as the set Ny(s) U {s'|3s” € N4(s) : s € N1(s")}. In general, a
large d might be unreasonable, as the neighborhood size may grow exponentially.
However, depths of two or three may be appropriate. Furthermore, temporarily
increasing the neighborhood depth has been found to be a reasonable mechanism
to overcome basins of attraction, e.g., when a large number of neighbors with
equal quality exist.

Recently, large scale neighborhoods have become an interesting research topic
(see, e.g., [3] for a survey), especially when efficient ways are at hand for exploring
them. Related research can also be found under various names; see, e.g., [84] for
the idea of dynasearch and [81] for so-called ejection chains.

To give an example, dynasearch uses dynamic programming to search an
exponential size neighborhood in polynomial time. Computational results for
some scheduling problems show that, for restarts close to previous local minima,
dynasearch can be significantly effective. As a consequence, one may try to use
dynasearch with an iterated local search framework, where each descent is started
a few random moves away from previous local minima.

2.3 Meta-heuristics

The formal definition of meta-heuristics is based on a variety of definitions from
different authors based on [32]. Basically, a meta-heuristic is a top-level strategy
that guides an underlying heuristic solving a given problem. Following Glover

information, one may store a search history (trajectory). For each S there are one or
more neighborhood structures IV that define for each solution s € S an ordered set of
neighbors N(s) = {ni(s),...,nn()(s)}. To each neighbor n(s) € N(s) corresponds
a move that captures the transitional information from s to n(s).

In the sense that a transition or move may be performed according to a neighborhood
search where S need not consist of feasible solutions only (i.e., we allow for some
strategic oscillation between feasibility and infeasibility), we may even overcome the
distinction between heuristics and improvement or local search procedures.
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it “refers to a master strategy that guides and modifies other heuristics to pro-
duce solutions beyond those that are normally generated in a quest for local
optimality.” [37] In that sense we distinguish between a guiding process and an
application process. The guiding process decides upon possible (local) moves and
forwards its decision to the application process which then executes the chosen
move. In addition, it provides information for the guiding process (depending
on the requirements of the respective meta-heuristic) like the recomputed set of
possible moves.

According to [37] “meta-heuristics in their modern forms are based on a
variety of interpretations of what constitutes intelligent search,” where the term
intelligent search has been made prominent by Pearl [T9] (regarding heuristics
in an artificial intelligence context) and [10§] (regarding an operations research
context). In that sense we may also consider the following definition: “A meta-
heuristic is an iterative generation process which guides a subordinate heuristic
by combining intelligently different concepts for exploring and exploiting the
search spaces using learning strategies to structure information in order to find
efficiently near-optimal solutions.” [77]

To summarize, the following definition seems to be most appropriate: “A
meta-heuristic is an iterative master process that guides and modifies the op-
erations of subordinate heuristics to efficiently produce high-quality solutions.
It may manipulate a complete (or incomplete) single solution or a collection
of solutions at each iteration. The subordinate heuristics may be high (or low)
level procedures, or a simple local search, or just a construction method. The
family of meta-heuristics includes, but is not limited to, adaptive memory pro-
cedures, tabu search, ant systems, greedy randomized adaptive search, variable
neighborhood search, evolutionary methods, genetic algorithms, scatter search,
neural networks, simulated annealing, and their hybrids.” ([I11], p. ix)

Of course the term meta-heuristics has also been used in different other con-
texts (see, e.g., [64]) or even misused or misunderstood throughout the literature.
Examples are found in various directions. One of the misleading understandings
is as follows (see, e.g., [59]): Given an instance of a combinatorial (optimization)
problem and m different heuristics (or algorithms) Hy, Ho, ..., H,, the heuristic
Hpes: will output the best among the m outputs of heuristics Hy, Ho, ..., Hy,.
Hpes: as the resulting heuristic is sometimes referred to as meta-heuristic.

3 Meta-heuristics Concepts

In this section we summarize the basic concepts of the most important meta-
heuristics. Here we shall see that adaptive processes originating from different
settings such as psychology (“learning”), biology (“evolution”), physics (“an-
nealing”), and neurology (“nerve impulses”) have served as a starting point.
Applications of meta-heuristics are almost uncountable and appear in various
journals (including the Journal of Heuristics and the INFORMS Journal on
Computing), books, and technical reports every day. A helpful source for a subset
of successful applications may be special issues of journals or compilations such
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as [107/821856377I86I36/111], just to mention some. A useful meta-heuristics
survey up to the mid 1990s is compiled by [78].

3.1 Simple Local Search Based Meta-heuristics

To improve the efficiency of greedy heuristics, one may apply some generic strate-
gies that may be used alone or in combination with each other, namely changing
the definition of alternative choices, look ahead evaluation, candidate lists, and
randomized selection criteria bound up with repetition, as well as combinations
with local search or other methods.

Greedy Randomized Adaptive Search (GRASP): If we omit a greedy
choice criterion for a random strategy we can run the algorithm several times
and obtain a large number of different solutions. However, a pure random choice
may perform very poor on average. Thus a combination of best and random
choice seems to be appropriate: We may define a candidate list consisting of a
number of best alternatives. Out of this list one alternative is chosen randomly.
The length of the candidate list is given either as an absolute value, a percentage
of all feasible alternatives or implicitly by defining an allowed quality gap (to
the best alternative), which also may be an absolute value or a percentage.

Replicating a search procedure to determine a local optimum multiple times
with different starting points has been acronymed as GRASP and investigated
with respect to different applications, e.g., by [22]. The different initial solutions
or starting points are found by a greedy procedure incorporating a probabilistic
component. That is, given a candidate list to choose from, GRASP randomly
chooses one of the best candidates from this list in a greedy manner, but not
necessarily the best possible choice.

The underlying principle is to investigate many good starting points through
the greedy procedure and thereby to increase the possibility of finding a good
local optimum on at least one replication. The method is said to be adaptive as
the greedy function takes into account previous decisions when performing the
next choice. It should be noted that GRASP goes back to older approaches [43].

The Pilot Method: Building on a simple greedy algorithm such as a con-
struction heuristic the pilot method [21J20] is another meta-heuristic. It builds
primarily on the idea to look ahead for each possible local choice (by computing
a so-called “pilot” solution), memorizing the best result, and performing the ac-
cording move. One may apply this strategy by successively performing a cheapest
insertion heuristic for all possible local steps (i.e., starting with all incomplete
solutions resulting from adding some not yet included element at some posi-
tion to the current incomplete solution). The look ahead mechanism of the pilot
method is related to increased neighborhood depths as the pilot method exploits
the evaluation of neighbors at larger depths to guide the neighbor selection at
depth one.

Usually, it is reasonable to restrict the pilot process to a given evaluation
depth. That is, the pilot method is performed up to an incomplete solution
(e.g., partial assignment) based on this evaluation depth and then completed by
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continuing with a conventional cheapest insertion heuristic. (It should be noted
that similar ideas have been investigated under the acronym rollout method [10].)
Some applications in continuous flow-shop scheduling can be found in [23], and
some considerations regarding stochastic scheduling problems are given in [9].

Variable Neighborhood Search (VINS): For an excellent treatment of vari-
ous aspects of VNS see [42]. They examine the idea of changing the neighborhood
during the search in a systematic way. VNS explores increasingly distant neigh-
borhoods of the current incumbent solution, and jumps from this solution to a
new one iff an improvement has been made. In this way often favorable char-
acteristics of incumbent solutions, e.g., that many variables are already at their
optimal value, will be kept and used to obtain promising neighboring solutions.

Moreover, a local search routine is applied repeatedly to get from these neigh-
boring solutions to local optima. This routine may also use several neighbor-
hoods. Therefore, to construct different neighborhood structures and to perform
a systematic search, one needs to have a way for finding the distance between
any two solutions, i.e., one needs to supply the solution space with some metric
(or quasi-metric) and then induce neighborhoods from it.

3.2 Simulated Annealing

Simulated annealing (SA) extends basic local search by allowing moves to infe-
rior solutions [62/1§]. The basic algorithm of SA may be described as follows:
Successively, a candidate move is randomly selected; this move is accepted if
it leads to a solution with a better objective function value than the current
solution, otherwise the move is accepted with a probability that depends on the
deterioration A of the objective function value. The probability of acceptance is
computed as e 4/ T, using a temperature T' as control parameter.

Various authors describe a robust concretization of this general SA procedure.
Following [67], the value of T is initially high, which allows many inferior moves
to be accepted, and is gradually reduced through multiplication by a parameter
coolingFactor according to a geometric cooling schedule. At each temperature
sizeFactor X |[N| move candidates are tested (|]N| denotes the current neighbor-
hood size and sizeFactor an appropriate parameter). The starting temperature
is determined as follows: Given a parameter initialAcceptanceFraction and based
on an abbreviated trial run, the starting temperature is set so that the fraction
of accepted moves is approximately initialAcceptanceFraction. A further param-
eter, frozenAcceptanceFraction is used to decide whether the annealing process
is frozen and should be terminated. Every time a temperature is completed with
less than frozenAcceptanceFraction of the candidate moves accepted, a counter
is increased by one. The procedure is terminated when no new best solution is
found for a certain value of this counter.

For a different concretization of SA see [54]. An interesting variant of SA is
to strategically reheat the process, i.e., to perform a non-monotonic acceptance
function. Successful applications are provided, e.g., in [[Z6].

Threshold accepting [19] is a modification (or simplification) of SA with the
essential difference between the two methods being the acceptance rules. Thresh-
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old accepting accepts every move that leads to a new solution which is ‘not much
worse’ (i.e., deteriorates not more than a certain threshold which reduces with
a temperature) than the older one.

3.3 Tabu Search

The basic paradigm of tabu search (TS) is to use information about the search
history to guide local search approaches to overcome local optimality (see [37]
for a survey on TS). In general, this is done by a dynamic transformation of the
local neighborhood. Based on some sort of memory certain moves may be for-
bidden, we say they are set tabu. As for SA, the search may lead to performing
deteriorating moves when no improving moves exist or all improving moves of
the current neighborhood are set tabu. At each iteration a best admissible neigh-
bor may be selected. A neighbor, respectively a corresponding move, is called
admissible, if it is not tabu or if an aspiration criterion is fulfilled.

Below, we briefly describe various TS methods that differ especially in the
way in which the tabu criteria are defined, taking into consideration the in-
formation about the search history (performed moves, traversed solutions). An
aspiration criterion may override a possibly unreasonable tabu status of a move.
For example, a move that leads to a neighbor with a better objective function
value than encountered so far should be considered as admissible.

The most commonly used TS method is based on a recency-based memory
that stores moves, more exactly move attributes, of the recent past (static T'S,
tabu navigation method). The basic idea of such approaches is to prohibit an
appropriately defined inversion of performed moves for a given period. For exam-
ple, one may store the solution attributes that have been created by a performed
move in a tabu list. To obtain the current tabu status of a move to a neighbor,
one may check whether (or how many of) the solution attributes that would be
destroyed by this move are contained in the tabu list.

Strict TS embodies the idea of preventing cycling to formerly traversed solu-
tions. The goal is to provide necessity and sufficiency with respect to the idea of
not revisiting any solution. Accordingly, a move is classified as tabu iff it leads to
a neighbor that has already been visited during the previous part of the search.
There are two primary mechanisms to accomplish the tabu criterion: First, we
may exploit logical interdependencies between the sequence of moves performed
throughout the search process, as realized by the reverse elimination method and
the cancellation sequence method (cf., e.g., [33/TO9TT0]). Second, we may store
information about all solutions visited so far. This may be carried out either
exactly or, for reasons of efficiency, approximately (e.g., by using hash codes).

Reactive TS aims at the automatic adaptation of the tabu list length of
static TS []]. The idea is to increase the tabu list length when the tabu memory
indicates that the search is revisiting formerly traversed solutions. A possible
specification can be described as follows: Starting with a tabu list length [ of
1 it is increased every time a solution has been repeated. If there has been no
repetition for some iterations, we decrease it appropriately. To accomplish the
detection of a repetition of a solution, one may apply a trajectory based memory
using hash codes as for strict TS.
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For reactive TS [8], it is appropriate to include means for diversifying moves
whenever the tabu memory indicates that we are trapped in a certain region of
the search space. As a trigger mechanism one may use, e.g., the combination of at
least two solutions each having been traversed three times. A very simple escape
strategy is to perform randomly a number of moves (depending on the average of
the number of iterations between solution repetitions);ﬁ more advanced strategies
may take into account some long-term memory information (like the frequencies
of appearance of specific solution attributes in the search history).

Of course there is a great variety of additional ingredients that may make
TS work successful as, e.g., restricting the number of neighbor solutions to be
evaluated (using candidate list strategies).

The area of planning and scheduling encompasses a bewilderingly large va-
riety of problems. The remarkable success of TS in the 1980s has nowhere been
marked more than in the area of machine scheduling and sequencing with an
evermore growing importance in real-world manufacturing (for a recent survey
on TS in manufacturing see, e.g., [4]).

3.4 Evolutionary Algorithms

FEvolutionary algorithms comprise a great variety of different concepts and pa-
radigms including genetic algorithms (see, e.g., [48/38]), evolutionary strategies
(see, e.g., [47/93]), evolutionary programs [27)], scatter search (see, e.g., [31J34]),
and memetic algorithms [71]. For surveys and references on evolutionary algo-
rithms see also [28]6l[72]67]. We restrict ourselves to very few comments.

Genetic algorithms are a class of adaptive search procedures based on the
principles derived from the dynamics of natural population genetics. One of the
most crucial ideas for a successful implementation of a genetic algorithm (GA) is
the representation of an underlying problem by a suitable scheme. A GA starts
(for example) with a randomly created initial population of artificial creatures
(strings), found, for example, by flipping a ‘fair’ coin. These strings in whole
and in part are the base set for all subsequent populations. They are copied and
information is exchanged between the strings in order to find new solutions of
the underlying problem. The mechanisms of a simple GA essentially consist of
copying strings and exchanging partial strings. A simple GA requires three op-
erators which are named according to the corresponding biological mechanisms:
reproduction, crossover, and mutation. Performing an operator may depend on a
fitness function or its value (fitness), respectively. This function defines a means
of measurement for the profit or the quality of the coded solution for the under-
lying problem and may depend on the objective function of the given problem.

GAs are closely related to evolutionary strategies. Whereas the mutation
operator in a GA serves to protect the search from premature loss of information,
evolution strategies may incorporate some sort of local search procedure (such
as SD) with self adapting parameters involved in the procedure.

4 A new idea worth investigating applies a SA run instead.
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For some interesting insights on evolutionary algorithms the reader is referred
to [46]. On a very simple scale many algorithms may be coined evolutionary once
they are reduced to the following frame:

1. Generate an initial population of individuals
2. While no stopping condition is met do

a) co-operation

b) self-adaptation

Self-adaptation refers to the fact that individuals (solutions) evolve indepen-
dently while co-operation refers to an information exchange among individuals.

Recently it appeared that so-called scatter search ideas may establish a link
between early ideas from various sides — evolutionary strategies, TS and GAs.
Scatter search is designed to operate on a set of points, called reference points,
that constitute good solutions obtained from previous solution efforts. The ap-
proach systematically generates linear combinations of the reference points to
create new points, each of which is mapped into an associated point that yields
integer values for discrete variables.

3.5 Ant Systems

One of the recently explored concepts within intelligent search is the ant system,
a dynamic optimization process reflecting the natural interaction between ants
searching for food (see, e.g., [LZJTO0JT0T]). The ants’ ways are influenced by two
different kinds of search criteria. The first one is the local visibility of food, i.e.,
the attractiveness of food in each ant’s neighborhood. Additionally, each ant’s
way through its food space is affected by the other ants’ trails as indicators for
possibly good directions. The intensity of trails itself is time-dependent: With
time going by, parts of the trails ‘are gone with the wind’, meanwhile the intensity
may increase by new and fresh trails. With the quantities of these trails changing
dynamically, an autocatalytic optimization process is started forcing the ants’
search into most promising regions. This process of interactive learning can easily
be modeled for most kinds of optimization problems by using simultaneously and
interactively processed search trajectories.

To achieve enhanced performance of the ant system it is useful to hybridize it
with a local search component. For a successful application of such an approach
to, e.g., the sequential ordering problem see [29].

3.6 Miscellaneous

Target analysis may be viewed as a general learning approach. Given a problem
we first explore a set of sample instances and an extensive effort is made to obtain
a solution which is optimal or close to optimality. The best solutions obtained
will provide some targets to be sought within the next part of the approach. For
instance, a T'S algorithm may resolve the problems with the aim of finding what
are the right choices to come to the already known solution (or as close to it as
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possible). This may give some information on how to choose parameters for other
problem instances. A different acronym in this context is path relinking which
provides a useful means of intensification and diversification. Here new solutions
are generated by exploring search trajectories that combine elite solutions, i.e.,
solutions that have proven to be better than others throughout the search. For
references on target analysis and path relinking see, e.g., [37].

Recalling local search based on data perturbation the acronym noising method
may be related to the following approach, too. Given an initial feasible solution,
the method performs some data perturbation [99] in order to change the values
taken by the objective function of a respective problem to be solved. With this
perturbed data some local search iterations may be performed (e.g., following a
SD approach). The amount of data perturbation (the noise added) is successively
reduced until it reaches zero. The noising method is applied, e.g., in [13| for the
clique partitioning problem and in [88] for the Steiner problem in graphs as a
hybrid with GRASP.

The key issue in designing parallel algorithms is to decompose the execution
of the various ingredients of a procedure into processes executable by parallel
processors. Opposite to ant systems or GAs meta-heuristics like TS or SA, at
first glance, have an intrinsic sequential nature due to the idea of performing the
neighborhood search from one solution to the next. However, some effort has been
undertaken to define templates for parallel local search (see, e.g., [109/106/15]
104]). Some successful applications are referenced in [2]. The discussion of parallel
meta-heuristics has also led to interesting hybrids such as the combination of
a population of individual processes, agents, in a cooperative and competitive
nature (see, e.g., the discussion of memetic algorithms in [71]) with TS.

Of course neural networks may be considered as meta-heuristics, although we
have not considered them in this paper; see, e.g., [97] for a comprehensive survey
on these techniques for combinatorial optimization. Furthermore, we have not
considered problems with multiple objectives and corresponding approaches (see,
e.g., [91] for some ideas regarding GAs and fuzzy multiobjective optimization).

One of the trends not to be overlooked is that of soft computing. It differs
from conventional computing in that it is tolerant of imprecision, uncertainty,
partial truth, and approximation. The principal constituents of soft computing
(sometimes also called computational intelligence) are fuzzy computing but also
evolutionary computation [11], neural computing, and probabilistic reasoning,
with the latter subsuming parts of machine learning. The concept of fuzzy sets
and systems has received considerable attention with respect to its general con-
cept as well as applications in various fields especially when models and data
are vague or fuzzy (see, e.g., [I19] for a survey of concepts and applications).
Certainly, meta-heuristics should play an important role in soft computing.

4 Recent Advances on General Frames

A subset of recent advances on meta-heuristics refers to general frames (to ex-
plain the behavior and the relationship between various methods) as well as the
development of software systems incorporating meta-heuristics (eventually in
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combination with other methods). Besides other aspects, this takes into consid-
eration that in meta-heuristics it has very often been appropriate to incorporate
a certain means of diversification versus intensification to lead the search into
new regions of the search space. This requires a meaningful mechanism to detect
situations when the search might be trapped in a certain area of the solution
space. Therefore, within intelligent search the exploration of memory plays a
most important role.

4.1 Adaptive Memory Programming

Adaptive memory programming (AMP) coins a general approach (or even think-
ing) within heuristic search focusing on exploiting a collection of memory com-
ponents [35T03]. That is, iteratively constructing (new) solutions based on the
exploitation of some sort of memory may be viewed as AMP process, especially
when combined with learning mechanisms that helps to adapt the collection and
use of the memory. Based on the simple idea of initializing the memory and
then iteratively generating new solutions (utilizing the given memory) while up-
dating the memory based on the search, we may subsume various of the above
described meta-heuristics as AMP approaches. This also includes the idea of
exploiting provisional solutions that are improved by a local search approach.

The performance as well as the efficiency of a heuristic scheme strongly de-
pends on its ability to use AMP techniques providing flexible and variable strate-
gies for types of problems (or special instances of a given problem type) where
standard methods fail. Such AMP techniques could be, e.g., dynamic handling of
operational restrictions, dynamic move selection formulas, and flexible function
evaluations.

Consider, as an example, adaptive memory within TS concepts. Realizing
AMP principles depends on which specific TS application is used. For example,
the reverse elimination method observes logical interdependencies between moves
and infers corresponding tabu restrictions, and therefore makes fuller use of AMP
than simple static approaches do.

To discuss the use of AMP in intelligent agent systems, we may also re-
fer to the simple model of ant systems as an illustrative starting point. Ant
systems are based on combining local search criteria with information derived
from the trails. This follows the AMP requirement for using flexible (dynamic)
move selection rules (formulas). However, the basic ant system exhibits some
structural inefficiencies when viewed from the perspective of general intelligent
agent systems, as no distinction is made between successful and less successful
agents, no time-dependent distinction is made, there is no explicit handling of
restrictions providing protection against cycling and duplication. Furthermore,
there are possible conflicts between the information held in the adaptive memory
(diverging trails).
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4.2 POPMUSIC — Partial Optimization Meta-heuristic under
Special Intensification Conditions

A natural way to solve large combinatorial optimization problems is to decom-
pose them into independent sub-problems that are solved with an appropriate
procedure. However, such approaches may lead to solutions of moderate quality
since the sub-problems might have been created in a somewhat arbitrary fashion.
Indeed, it is not easy to find an appropriate way to decompose a problem a pri-
ori. The basic idea of POPMUSIC is to locally optimize sub-parts of a solution,
a posteriori, once a solution to the problem is available. These local optimiza-
tions are repeated until a local optimum is found. So, POPMUSIC can be seen
as a local search working with a special, large neighborhood. While POPMUSIC
has been acronymed by [T02] other meta-heuristics may be incorporated into the
same framework, too (e.g. [96]).

For large optimization problems, it is often possible to see the solutions as
composed of parts (or chunks [116], cf. the term vocabulary building). Consid-
ering the vehicle routing problem, a part may be a tour (or even a customer).
Suppose that a solution can be represented as a set of parts. Moreover, some
parts are more in relation with some other parts so that a relatedness measure
can be defined between two parts. The central idea of POPMUSIC is to select
a so-called seed part and a set P of parts that are mostly related with the seed
part to form a sub-problem.

Then it is possible to state a local search optimization frame that consists of
trying to improve all sub-problems that can be defined, until the solution does
not contain a sub-problem that can be improved. In the POPMUSIC frame of
[T02], P corresponds precisely to seed parts that have been used to define sub-
problems that have been unsuccessfully optimized. Once P contains all the parts
of the complete solution, then all sub-problems have been examined without
success and the process stops.

Basically, the technique is a gradient method that starts from a given initial
solution and stops in a local optimum relative to a large neighborhood structure.
To summarize, both, POPMUSIC as well as AMP may serve as a general frame
encompassing various other approaches.

4.3 Constraint Programming

Constraint programming (CP) is a paradigm for representing and solving a wide
variety of problems expressed by means of variables, their domains, and con-
straints on the variables (see, e.g., [10550/45/55] for some surveys from slightly
different perspectives). Usually CP models are solved using depth-first search
and branch and bound. Naturally, these concepts can be complemented by lo-
cal search concepts and meta-heuristics. This idea is followed by several authors;
see, e.g., [16] for TS and guided local search hybrids. Interestingly, commonalities
with our POPMUSIC approach exist, as can be deduced from [89]80].

Of course, the treatment of this topic is by no means complete and various
ideas have been developed (see, e.g., those from [T4]75] regarding local search
within CP). Especially, the use of higher level or global constraints, i.e., those
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which use domain specific knowledge based on suitable problem representations,
may influence the search efficiency. Another idea is to transform a greedy heuris-
tic into a search algorithm by branching only in a few (i.e., limited number) cases
when the choice criterion of the heuristic observes some borderline case or where
the choice is least compelling, respectively. This approach may be called limited
discrepancy search (see, e.g., [44[12]).

Independently from the CP concept one may investigate hybrids of branch
and bound and meta-heuristics, e.g., for deciding upon branching variables or
search paths to be followed within a branch and bound tree (see, e.g., [L17] for an
application of reactive TS). Here we may also use the term cooperative solver.
Combining TS with Lagrangean relaxation and Lagrangean decomposition is
proposed in [40].

4.4 Propositional Satisfiability

While the adaptive memory programming and the POPMUSIC frames are more
operations research related, a considerable amount of work especially within the
computer science community refers to local search for propositional satisfiability
(SAT). For given sets of variables and clauses SAT asks for the existence of
an assignment to the variables that satisfies all clauses. While SAT is a decision
problem the problems MAX-SAT and weighted MAX-SAT are related problems,
which ask for a propositional variable assignment that maximizes the number of
satisfied and the weighted sum of satisfied (weighted) clauses, respectively.

The classic local search strategies for SAT are GSAT [95] and modifications.
Moves are simple changes of variable assignments (flip moves) chosen in a greedy
randomized fashion by means of maximizing the number of satisfied clauses.
One of the modifications is WalkSAT [94] where some noise (data perturbation
regarding randomly chosen initial values assigned to the variables) is added to
the strategy. Throughout the years various modifications for local search for
SAT have been investigated (see, e.g., [60J6114111292]). A very comprehensive
empirical evaluation of GSAT and WalkSAT can be found in [52]. To increase
the number of feasible clauses often so-called repair algorithms are exploited. For
a thought provoking connection of such an algorithm to Lagrangian multiplier
methods see [14].

The basic idea regarding the solution of a great variety of problems is to de-
scribe them by means of instances of SAT or MAX-SAT (SAT encoded problems)
and to apply solution methods available for these problems (see, e.g., [66]). While
many problems formulated under this paradigm have been solved successfully
following such approaches, however, this is not necessarily the case for some
classical combinatorial optimization problems such as the Steiner problem in
graphs.

4.5 Optimization Software Libraries

Systems may be developed to support the implementation of local search and
meta-heuristics. Such algorithms can be supported by (high-level) modeling lan-
guages that reduce their development time substantially while preserving most
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of the efficiency of special purpose implementations. For instance, the design of
LocALIZER [6970] may be viewed as such an approach with several extensions
being contemplated, including additional support for some meta-heuristics and
the integration of consistency techniques.

While there are some well-known approaches for reusable software in the field
of exact optimizationEl there is, as far as we know, almost no ready-to-use and
well-documented component library in the field of local search based heuristics
and meta-heuristics. Besides the discussion below, we would like to point out
the class library for heuristic optimization of [115], which includes both local
search based methods and genetic algorithms, the frameworks for local search
heuristics of [5/58], and the class library described in [26].

Here we refer to another successful approach, i.e. HOTFRAME of [24)53],
a Heuristic OpTimization FRAMEwork implemented in C++, which provides
adaptable components incorporating different meta-heuristics and an architec-
tural description of the collaboration among these components and problem-
specific complements. Typical application-specific concepts are treated as ob-
jects or classes: problems, solutions, neighbors, solution attributes and move
attributes. On the other side, meta-heuristic concepts such as different methods
described above and their building-blocks such as tabu criteria or diversifica-
tion strategies are also treated as objects. HOTFRAME uses genericity as the
primary mechanism to make these objects adaptable. That is, common behavior
of meta-heuristics is factored out and grouped in generic classes, applying static
type variation. Meta-heuristics template classes are parameterized by aspects
such as solution spaces and neighborhood structures.

HOTFRAME defines an architecture for the interplay between heuristic classes
and application specific classes, and provides several such classes, which imple-
ment classic methods that are applicable to almost arbitrary problem types,
solution spaces and neighborhood structures:

— A simple local search frame, which can be instantiated by, e.g., different
neighbor selection rules resulting in methods such as SD or iterated local
search.

— Several SA and threshold accepting methods, which can be customized by
different acceptance criteria, cooling schedules, and reheating schemes.

— A classic TS frame, which is based on treating both the tabu criterion and
the diversification strategy as parameters. Move attributes, trajectory infor-
mation and tabu criteria (taking into account information about the search
history such as memory, performed moves, and traversed solutions) can be
flexibly defined. Static, strict and reactive tabu criteria are built-in. Other
TS methods can be implemented exploiting existing basic building-blocks.

— Candidate list templates can be used as filters in connection with various
neighborhood structures and heuristics. On the other hand, VNS may be
used to enlarge neighborhoods.

® Consider, e.g., mathematical programming software like CPLEX or class-libraries
for constraint programming such as ILOG Solver (http://www.ilog.com/).
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— A general evolutionary algorithm template, which is customizable with re-
spect to arbitrary solution representations, selection and replacement strate-
gies, recombination (not necessarily restricted to two parents, cf. the idea of
scatter search) and mutation operators.

— Different means for determining initial feasible solutions including the pilot
method are incorporated.

All heuristics are implemented in a consistent way, which facilitates an easy
embedding of arbitrary methods into application systems or as parts of more
advanced /hybrid methods. Both, new meta-heuristics and new applications, can
be added into the framework. HOTFRAME includes built-in support for solu-
tion spaces representable by binary vectors or permutations, in connection with
corresponding standard neighborhood structures, solution and move attributes,
and recombination operators. Otherwise, the user may derive specialized classes
from suitable built-in classes or implement corresponding classes from scratch
according to defined interfaces.

For example, to apply HOTFRAME for some problem with a permutation like
solution space, one can derive a specific class from a general class that represents
solutions defined by a permutation, and implement the computation of objective
function values. Then, all predefined meta-heuristics can be applied by reusing
predefined classes that represent, e.g., neighborhood structures (such as shift
or swap) or move attributes. Of course, to efficiently apply methods based on
the local search paradigm, the evaluation of moves should be computed in an
adaptive way.

5 Conclusions

Over the last decade meta-heuristics have become a substantial part of the
heuristics stockroom with various applications in science and, even more im-
portant, in practice. Meta-heuristics have become part of textbooks, e.g. in
operations research, and a wealth of monographs (see, e.g., [I08[37J6890]) is
available. Specialized conferences are devoted to the topic (see, e.g., [77,111])@
Even ready to use systems such as class libraries and frameworks are under de-
velopment, although usually restricted to be used by the knowledgeable user. In
this respect the development of an adoption path taking into account the needs
of different users at different levels is still a challenge, see [25] for some ideas.
Whether concepts like case based reasoning may help in this respect is still open
[39].

Most important are general frames. Adaptive memory programming, an in-
telligent interplay of intensification and diversification (such as ideas from POP-
MUSIC), and the connection to powerful exact algorithms as subroutines for
handable subproblems are avenues to be followed.

5 Interested readers may even contact relevant interest groups. See, e.g., modern-
heuristics@mailbase.ac.uk and evolutionary-computing@mailbase.ac.uk as well as
http://tew.ruca.ua.ac.be/eume.
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From a theoretical point of view, the use of most meta-heuristics has not yet
been fully justified. While convergence results regarding solution quality exist
for most meta-heuristics once appropriate probabilistic assumptions are made,
these turn out not to be very helpful in practice as usually a disproportionate
computation time is required to achieve these results (usually convergence is
achieved for the computation time tending to infinity, with a few exceptions,
e.g., for the reverse elimination method within tabu search or the pilot method
where optimality can be achieved with a finite, but exponential number of steps
in the worst case). Furthermore, we have to admit that theoretically one may
argue that none of the described meta-heuristics is on average better than any
other; there is no free lunch [114].

From an empirical standpoint it would be most interesting to know which
algorithms perform best under various criteria for different classes of problems.
Unfortunately, this theme is out of reach as long as we do not have any well
accepted standards regarding the testing and comparison of different methods.

While most papers on meta-heuristics claim to provide ‘high quality’ results
based on some sort of measure, we still believe that there is a great deal of room
for improvement in testing existing as well as new approaches from an empiri-
cal point of view (see, e.g., [149J66]). In a dynamic research process numerical
results provide the basis for systematically developing efficient algorithms. The
essential conclusions of finished research and development processes should al-
ways be substantiated (i.e., empirically and, if necessary, statistically proven) by
numerical results based on an appropriate empirical test cycle.

Usually the ways of preparing, performing and presenting experiments and
their results are significantly different. The failing of a generally accepted stan-
dard for testing and reporting on the testing, or at least a corresponding guide-
line for designing experiments, unfortunately leads to the following observation:
Parts of results can be used only in a restricted way, e.g., because relevant data
are missing, wrong environmental settings are used, or simply results are glossed
over. In the worst case non-sufficiently prepared experiments provide results that
are unfit for further use, i.e., any generalized conclusion is out of reach. Future
algorithm research needs to provide effective methods for analyzing the perfor-
mance of, e.g., heuristics in a more scientifically founded way (see, e.g., [98/113]
51] for some steps into this direction).

A final aspect that deserves special consideration is to investigate the use of
information within different meta-heuristics. While the adaptive memory pro-
gramming frame provides a very good entry into this area, this still provides
an interesting opportunity to link artificial intelligence with operations research
concepts.
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Abstract. In this paper we present a tabu approach for a version of the Sports
League Scheduling Problem. The approach adopted is based on a formulation of
the problem as a Constraint Satisfaction Problem (CSP). Tests were carried out
on problem instances of up to 40 teams representing 780 integer variables with
780 values per variable. Experimental results show that this approach
outperforms some existing methods and is one of the most promising methods
for solving problems of this type.

1 Introduction

Many sports leagues (e.g., soccer, hockey, basketball) must deal with scheduling
problems for tournaments. These scheduling problems contain in general many
conflicting constraints to satisfy and different objectives to optimize, like
minimization of traveling distance [2], only one match per team and per day, stadium
unavailability at particular dates, minimum number of days between a home match
and its corresponding away match, etc. Generating satisfactory schedules with respect
to these conditions and objectives is therefore a very difficult problem to solve.

Many studies have been carried out to try to solve these problems with a variety of
approaches and varying degrees of success: integer linear programming [7][12],
constraint programming [10][17], local search (simulated annealing [19], tabu search
[23], hybrid approach [4]).

This paper deals with a specific Sports League Scheduling Problem (SLSP)
described by K. McAloon, C. Tretkoff and G. Wetzel in [11]. After having obtained
poor results in integer linear programming tests, they experimented with constraint
programming, an approach that produced better results. Finally, with a basic local
search algorithm, they produced the same results as ILOG Solver does, but with less
computing time.

C.P. Gomes, B. Selman and H.A. Kautz [9] obtained better results than those of
McAloon et al. using constraint programming. With a randomized version of a
deterministic complete search they solved problems involving a greater number of
teams.

J.C. Régin proposed two approaches with constraint programming for the SLSP
[15][16]. The first one, using powerful filtering algorithms [3][13][14], produced

A. Nareyek (Ed.): Local Search for Planning and Scheduling, LNAI 2148, pp. 24-36, 2001.
© Springer-Verlag Berlin Heidelberg 2001



Solving the Sports League Scheduling Problem with Tabu Search 25

better results than those of McAloon et al. and those of Gomes et al. in terms of
execution time and robustness, since it solved problem instances of a larger size.
Using a second approach, he transformed the SLSP into an equivalent problem by
adding an implicit constraint. With a new heuristic and specific filtering algorithms, he
improved on his own results.

Finally, let us mention the work done by G. Wetzel and F. Zabatta [22]: using
multiple threads on a 14 processor Sun system they obtained better results than the
first approach of Régin. They were, however, not able to solve problems as large as
those which Régin solved with his second approach.

The goal of this study is to propose an advanced local search approach based on
tabu search (TS) [8] for the SLSP. References of the study are results presented in
[11], [15] and [16].

The paper begins by formally describing the SLSP (section 2). After modeling the
problem as a constraint satisfaction problem (CSP) [20] (section 3), we present our
tabu algorithm (section 4) and compare its results with those of [11], [15] and [16]
(section 5). Before concluding, we discuss some observations made during this work
(section 6).

2 Problem Description

In the rest of the paper, we will deal with the following constraints and definitions, the
same as in [11]:

[ There are |T| teams (|T| even), where T is the set of all teams. All teams play each
other exactly once (half competition);

The season lasts |T| - 1 weeks;

Every team plays one game in every week of the season;

There are |T| / 2 periods and, each week, one game is scheduled in every period;

No team plays more than twice in the same period over the course of the season.
The problem then is to schedule the tournament with respect to all these constraints.
Table 1 below shows an example of a valid schedule for |T| = 8 teams labeled from
1 to 8; there are 7 weeks and 4 periods.

I

Table 1. Example of a valid schedule for 8 teams

Weeks
1 2 3 4 5 6 7
1vs2 | 1vs3 [ 5vs8 | 4vs7 | 4vs8 | 2vs6 | 3vs5
3vs4 | 2vs8 | 1vs4 | 6vs8 | 2vsS5 | 1vs7 | 6vs7T
5vs6 | 4vs6 | 2vsT7 | 1vs5 | 3vs7 | 3vs8 | 1vs8
4 | 7vs8 | 5vs7 |3vs6 | 2vs3 | 1vs6 | 4vs5 | 2vs4

W=

Periods

As shown in Table 1, a configuration may be represented as a two-dimensional
array with weeks in columns and periods in rows. Each column satisfies the
cardinality constraint: each team appears exactly once, i.e., all the teams are different.
In each row, no team appears more than twice. There is also a global constraint on the
array: each match only appears once, i.e., all matches are different.



26 J.-P. Hamiez and J.-K. Hao

3 Problem Formulation

To represent the SLSP we follow the constraint programming approach: we consider it
as a constraint satisfaction problem.

3.1 Constraint Satisfaction Problem - CSP

A constraint satisfaction problem [20] is defined by a triplet (X, D, C) with:
[ A finite set X of n variables: X = {X,, ..., X, };

[1 A set D of associated domains: D = {D,, ... , D,}. Each domain D, specifies the
finite set of possible values of the variable X;;
U A finite set C of p constraints: C = {C,, ..., C,}. Each constraint is defined for a set

of variables and specifies which combinations of values are compatible for these

variables.

Given such a triplet, the problem is to generate a complete assignment of the values
to the variables, which satisfies all the constraints: such an assignment is said to be
consistent. Since the set of all assignments (not necessarily consistent) is defined by
the Cartesian product D, [J... [1 D, of the domains, solving a CSP means to determine a
particular assignment among a potentially huge number of possible assignments.

The CSP, as it has been formalized, is a powerful and general model. In fact, it can
be used to conveniently model some well-known problems such as k-coloring and
satisfiability, as well as many practical applications relating to resource assignment,
planning or timetabling.

3.2 Formulation of the SLSP as a CSP

We will use the following notations to represent the SLSP as a constraint satisfaction

problem:

[l P: set of periods, |P| = [T| / 2;

[1 W: set of weeks, [W|=|T]| - 1;

[ t,: team number n, t, ] T, 1 n O]T];

[0 x(t,, t,): schedule of the match t, vs. t,. Values of this variable type are of
(Pm. »» W) pattern, meaning that the match is scheduled in period p,,, and week
Wi e
The set of variables is naturally X = {x(t,, t,), 1 [Jm [/n [J|T|} and all domains are

equal t0 D = {(P.u> Wi n)s Ponn L Py 1 0 pon [P, Wi W, 1 Dw,, O [W]; 0 x 0 X,

D, = D. The set C of constraints contains the following three types of constraints:

U Uniqueness of all teams in each week. For each team t,, t, 0 T, 1 O n O [T, we
impose the constraint: WEEK(t,) (] w,, Ww,,, ) (m,q O [I;[T]’,m n,q n
andm q;

[J No more than two matches for each team in the same period. For each team t,, t, [J
T, 1 Un J|T| and each period, we impose the constraint:

PERIOD(t,) [ |{py,=Pyw (m, @) U [L;[TIF,m n,q nandm q}|1;

[J All matches are different. For each match < t,, t, >, (t,, t,) [ T2 t, t,, we impose
the constraint: ALLDIFF(<t,, t,>) 1 <t, t,> <t,t> 0, t)0 T3t ¢t
The WEEK and ALLDIFF constraints are always satisfied in our algorithm.

e
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4 Solving the SLSP with Tabu Search

Tabu search is an advanced local search method using general mechanisms and rules
as guidelines for smart search. Readers may find formal description of the method
in [8]. We now define the components of our tabu algorithm for the SLSP, called
TS-SLSP.

4.1 Search Space — Configuration

As represented in Table 1, a configuration is a complete assignment of D = {(p,, ..
Wi Pon L) Py 10 Puw P, Wow 00 W, 1 [0 w,, [1|W]|} items to variables of
X = {x(t,, t,), 1 Jm U n O|T|}. Thus, a configuration is a [W| * |P| sized table, whose
items are integer couples (m, n), 1 U m 0 n O |T)|. For |T| = 40 teams, this represents a
problem with 780 variables and 780 values per variable.

There are |T| /2 * (|T| - 1) matches to be scheduled. A schedule can be thought of
as a permutation of these matches. So, for |T| teams, the search space size is
[IT| /2 * (IT| - D]! In other words, the search space size grows as the factorial of the
square of |T| /2.

1

Fig. 1. Constructing initial configuration (|T| = 6)

4.2 Initial Configuration

In local search algorithms, the initial configuration specifies where the search begins
in the search space. One can start with a random configuration by first creating all the
IT| /2 * (|T| - 1) matches with respect to the ALLDIFF constraint, then randomly
assigning a match to each (w, p) couple, w [ W, p [J P.

We chose another way to build an initial configuration, inspired from [18]:
construct a complete graph with the first |T| - 1 teams as vertices while placing the
vertices in order to form a regular (|T| - 1)-gon (edges represent matches). Color the
edges around the boundary using a different color for each edge. The remaining edges
can be colored by assigning to each one the same color as that used for the boundary
edge parallel to it, see left drawing in Fig. 1. At each vertex there will be exactly one
color missing and these missing colors are different. The edge of the complete graph
incident to the last vertex (i.e., the last team) can be colored using these missing
colors, see right drawing in Fig. 1. Finally, fill in week “i”, in the initial configuration,
with edges colored “i”.

This initial configuration has the property of satisfying the WEEK and ALLDIFF
constraints. The algorithm will try to satisfy the PERIOD constraint.
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4.3 Neighborhood

Let s be a configuration from the search space S. The neighborhood N: S 2°is an
application such as for each s [1 S, s’[J N(s) if and only if s and s’ only differ by values
of a single couple of variables, with at least one in conflict (a variable is said to be
conflicting if it is involved in an unsatisfied constraint).

A neighboring configuration of s can be obtained by making a single swap of
current values of two arbitrary variables, with at least one conflicting in s. A move
from configuration s to a neighboring configuration s’ can then be described by a
couple L) x(t,, t,), X(t, t) [}, i.e., swapping two matches (see Fig. 2). In addition, swaps
are made in the same week to keep the WEEK constraint satisfied.

During the search the neighborhood size always evolves with the number of
conflicts.

Weeks Weeks
123|445 1| 2]3]4]5
1R [ Ro|34=m Bd |1 |g[1]12]26]34]56][15
46 | 13 | 28 14 |36 |2 |8 1.6 | 1325 | 1,436

a 9)
35045 1632 1,5 |3 |~[3]35 45|16 23|24
Configuration s Configuration s’

Fig. 2. Neighborhood illustration (6 teams)

4.4 Evaluation Function

To compare, in terms of quality, two configurations s and s’ from S, we define an
evaluation function which is an order relation for S.

Let OccPg(p, t,) be the occurrence number of team t,, in period p, in configuration s.
The evaluation function f(s) is the total number of excess appearances of all teams in
all periods (let us call it f(s)), i.e., the minimum number of variables to be changed to
satisfy the PERIOD constraint:

i
fs) Ofp(s) O [ [ x5(,1n,p),
P

( )0 if OccPy(p,t,) 02,
s,n
fptH P EpCCP (p,t,)[12  otherwise.

Solving the SLSP means finding a configuration s* [J S such as f(s*) =0

4.5 Neighborhood Evaluation

The tabu algorithm considers in general at each step the whole neighborhood. So it is
imperative to be able to quickly evaluate the cost of neighboring configurations. To do
this, we used a technique inspired by [6].

Let Obe a |X| * |X| matrix. Each entry [Tx(t,, t,), X(t, t,)] represents the effect of the
chosen move (swapping matches < t,, t, > and < t,, t, >) on the evaluation function.
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Thus, the cost of s’ [] N(s) is immediately obtained by adding the proper entry of []to
f(s) (in O(1)). To get the best neighbor, one search only a subset of the [ matrix in
O(IN(s)]) time. After a move, the [ matrix is updated in O(|X|/|X|) time in the worst
case.

4.6 Tabu List Management

A fundamental component of TS is tabu list: a special, short-term memory that
maintains a selective history, composed of previously encountered configurations or
more generally pertinent attributes of such configurations. The aim of a tabu list is to
avoid cycling and go beyond local optima.

Entries in our tabu list are paired matches. Indeed, we make match swaps. After
swapping, the matched couple is classified tabu for the next k iterations (k, called tabu
tenure, is problem dependent), which means that reverse swap is forbidden during that
period.

Tabu tenure plays a very important role for the performance of a tabu algorithm. If
overestimated, it will perhaps incorrectly prohibit the visiting of unexplored
configurations and the method’s capacity to explore the neighborhood will be reduced.
If underestimated, the method may get trapped in local optima.

Input: |T|; {number of teams}

Output: a valid schedule or "No valid schedule found";

var £, f£x*; {evaluation function and its Dbest wvalue
encountered so far}

s, s*; {current configuration and the best

configuration encountered so far}

begin

initialize the tabu list to empty;

generate initial configuration s; {section 4.2}

s* := s;

f*x := f£(s);

while not Stop Condition do

make a best move m in the same week such that m is

not tabu or satisfies the aspiration criterion;

introduce m in the tabu list;

if (f£(s) < f£*) then

s* := s;
f*x := f£(s);

else if f* has not been improved for a sufficient
time then
s = s*; {intensification}
| L_set the tabu list to empty; {diversification}
if (f* = 0) then {valid schedule found}
| return s*;
return "No valid schedule found";
end

Fig. 3. The TS-SLSP algorithm
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After having tried various tabu tenures (randomized and bounded, dynamic, static
etc.), we chose a randomized one. For s [J S, we define the tabu tenure k, by:
k, = rand(g) where rand(g) is a random integer from [1; g], g [} [4; 100].

To implement the tabu list, we use a |X| * |X| matrix with entries corresponding to
moves. Each entry stores the current iteration number plus the tabu tenure. With this
data structure, a single comparison with the current iteration number is sufficient to
know if a move is tabu.

Nevertheless, note that a tabu move leading to a configuration better than the best
configuration found so far is always accepted (aspiration criterion).

4.7 Diversification — Intensification

Intensification and diversification are useful techniques for improving the search
power of a tabu algorithm.

Intensification stores interesting properties of the best configurations found so far
and to be used later. It may initiate a return to attractive regions to search them more
thoroughly. Diversification tries to direct the search to unexplored configurations.

Our TS algorithm includes a single intensification: after a certain number of
non-improving iterations, we return to the best configuration found so far. The
difficulty then is to formally determine when to go back to this best configuration,
because an underestimated interval might inadvertently stop a possibly promising
search. Values of this parameter were determined empirically in [30; 1 000].

We make a diversification immediately after an intensification process by removing
all tabu statuses to enable previously classified tabu moves.

4.8 General Algorithm

The TS-SLSP algorithm (see Fig. 3) begins with an initial configuration in a search
space S built with respect to WEEK and ALLDIFF constraints.

Then it proceeds iteratively to visit a series of locally best configurations following
the neighborhood. At each iteration, a best move m (in the same week to keep the
WEEK constraint satisfied) is applied to the current configuration, even if it does not
improve the current configuration in terms of the value of the evaluation function.
Intensification / diversification steps are performed after a sufficient number of non-
improving moves.

Stop Condition. The algorithm stops if f(s) = O (a valid schedule is found) or if a
given limit is reached concerning the number of moves.
5 Computational Results

In this section, we compare results of our TS algorithm with those of [11], [15]
and [16]. Our tests were carried out on a Sun Sparc Ultra 1 (256 RAM, 143 MHz).
TS-SLSis implemented in C (CC compiler with -O5 option). Tests were carried out

! For the source code of TS-SLSP, contact the authors.
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on problem instances including 6 to 40 teams (only those greater than 14 are shown).
The TS-SLSP algorithm was allowed to run until a maximum number of 10 million
iterations.

5.1 Comparison Criteria

We used three main criteria to do the comparative study. These criteria are given here

in decreasing order of importance:

[ Number |T| of teams: one algorithm is said to be more efficient than another one, if
it solves the SLSP with a higher |TJ;

[J Number of moves: the algorithm’s effort to find a solution, machine independent;

[J Running time: the CPU time spent by an algorithm to carry out a given number of
moves, machine dependent.

5.2 Comparative Results

McAloon et al. [11] recall that Integer Linear Programming (ILP) with CPLEX [5]
was not able to solve the SLSP for |T| = 14 teams, even when avoiding symmetries.
Nevertheless, the method is able to provide solutions for |T| 0 12. They also propose a
constraint programming algorithm, implemented under ILOG Solver, which solved
the |T| = 14 problem in 45 minutes (Ultra Sparc), and was the first result obtained with
constraint programming. Finally, with a basic local search algorithm, they solved the
|T| = 14 problem in 10 minutes.

Gomes et al. [9] used constraint programming to solve the SLSP up to 18 teams (in
more than 48 hours) with a deterministic complete search. By including randomness in
their algorithm, they reached the same result more quickly: approximately 22 hours
for 18 teams.

In 1998, Régin presented improved results with a more elaborate approach based on
constraint propagation [15] (let us call the approach CP1). This approach integrates
advanced techniques including symmetries elimination and new powerful filtering
algorithms based on arc consistency [3][13][14]. CP1 solves much larger problem
instances since it is able to produce valid schedules for |T| = 24 in 12 hours.

In yet another study, by using multiple threads on a 14 processor Sun system,
Wetzel and Zabatta [22] obtain better results, since schedules were generated for 26
and 28 teams.

Recently, Régin proposed another improved approach [16] (let us call it CP2)
integrating among others, a heuristic based on Euler's theorem for Latin squares. The
SLSP is also transformed into an equivalent problem by adding a dummy week in
order to quickly deduce some inconsistencies. This later approach gives the best-
known results for the SLSP, since it produces solutions for 40 teams in 6 hours.

Table 2 shows the results of TS-SLSP together with those of CP1 and CP2.
Columns 2-5 give respectively, for CP1 and CP2, execution times and numbers of
backtracks. The last three columns give respectively the success ratio (number of
successful runs / total number of runs), mean times and average numbers of moves for
successful runs of TS-SLSP.
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Table 2. Comparative results of TS-SLSP and well-known methods. A “-“ sign means no result
is available

CP1 CP2 TS-SLSP

IT| | Time |Backtracks |Time (s) | Backtracks RS;1 l:fg?i/z) Time Moves
16| 4.2s 1112 0.6 182 100 0.5s 4313
18| 36s 8 756 0.9 263 100 03s 2711
20 |<6min| 72095 1.2 226 100 239s 149 356
221 10h | 6172672 1.2 157 100 343 s 163 717
24| 12h | 6391470 10.5 2702 90 Smin |1205171
26 - - 26.4 5683 50 10.7 min |2 219 711
28 - - 316 32324 50 12.5 min |2 043 353
30 - - 138 11 895 10 22 min |3 034 073
32 - - - - 10 49 min |6 387 470
34 - - - - 30 25 min |2 917 279
36 - - - - 10 1.5h |9307 524
40 - - 6h 2 834754 10 543 s 68 746

From the Table 2, we may make several remarks. First, we observe that TS-SLSP
is much more powerful than CP1 both in terms of the size of problem instances solved
and computing efforts. Compared with CP2, TS-SLSP also manages to find valid
schedules for problem instances going up to 40 teams. We notice however that the
resolution becomes much more difficult for |T| > 28. We notice also that the running
time of the TS-SLSP algorithm for |T| = 40 is not consistent with other results. This is
simply explained by the stochastic nature of the TS-SLSP algorithm. Globally, the
results of TS-SLSP are consistent and its running times remain reasonable.

6 Discussions

How to handle the different constraints of a constrained problem is an important issue
that must be answered by any neighborhood algorithm. For the SLSP, recall that there
are three types of constraints (see section 3.2): WEEK, PERIOD and ALLDIFF.

As we saw previously in section 4, TS-SLSP works with a limited search space
whose configurations satisfy already the WEEK and ALLDIFF constraints. The goal
of TS-SLSP is then to satisfy the PERIOD constraint.

We also experimented with another constraint handling technique, in which the
search space is defined by all the configurations satisfying the ALLDIFF constraint,
and the search starts with a randomized initial configuration (see section 4.2). Then
the algorithm tries to satisfy the WEEK and PERIOD constraints. In this case, the
evaluation function f ’(s) used to guide the search is defined by a weighte<ﬂ summation
function of the violations of the WEEK constraint f,,(s), formally described by formula

2 It seems that the best weight values are 1 for PERIOD and 2 for WEEK.
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2 belowEl and PERIOD constraint f,(s) (see formula 1 in section 4.4): [ s [1 S, f(s) =
2 *£,(s) + £i(s).

fyy (5) O |¥| |]T| ( )
s s, 1, W),
v w Uln UIXW )

( " if OccWg(w,t,) J1,
S,n, W
XW EpccwS (w,t )1 otherwise.

The neighborhood is extended to all possible exchanges of matches (with at least
one in conflict) in the same week or in the same period or in different periods and
weeks, see Fig. 4.

The tabu tenure is weighted and dynamic: ks = [ * [f(s) + fp(s)] + rand(g),
[J 0 [0.1; 1]. Intensification and diversification processes are used in the same way as
in TS-SLSP.

Weeks

1 | 2 | 3 ] 4 | 5 [ 6 | 7
VS3 mvs vs8 mvs 4vs8 | 2vsb6 3VS
3 W4 Vs8 lvsd 6vs8 2vs5 1vg 6vs7
S6 4V 2 vs 7 ’s7 | 3vs7 vs8 | 1vs8
7vs8 5vs7 3vs6 2vs3 1vs6 4dvs5 2vs4d

Periods

AW =

Fig. 4. Extended neighborhood illustration

Experimentation using this technique produces results similar to those of CPI.
Although it fails to solve the |T| > 22 problem, this technique is very fast for 22 teams:
it provides solutions in less than 28 minutes (34 146 moves). When only dealing with
the PERIOD constraint, TS-SLSP outperforms results of this technique, since it solves
the SLSP up to 40 teams. The main difference between the two approaches is the
structure of the initial configuration. The technique starting with an extra constraint to
verify (the WEEK constraint) must explore a larger search space than the other
technique.

7 Conclusion

In this paper we presented a tabu algorithm (TS-SLSP) for the sports league
scheduling problem. The algorithm is based on a CSP formulation of the SLSP and
includes the following main features:

[J a simple swap neighborhood;

[J efficient data structures for fast neighborhood search;

[J a dynamic tabu tenure;

[J a simple intensification-diversification process.

3 OccW(w, t,) is the occurrence number of team t, on week w in configuration s.
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TS-SLSP was tested on problem instances going up to 40 teams. The experimental
results show that TS-SLSP largely outperforms some previously developed
approaches (ILP [11], basic LS [11] and constraint programming [9][15]). Indeed,
while these approaches are limited to instances of 24 teams, TS-SLSP is able to find a
schedule for instances going up to 40 teams. This result compares well with the best-
known approach, which combines well-elaborated constraint propagation algorithms
and a non-trivial formulation of the initial problem [16].

At the same time, the computing times required by TS-SLSP are much greater than
those obtained using the most efficient algorithm. Nevertheless, there is certainly
plenty of room for improvement in TS-SLSP. One possible enhancement would be to
integrate more elaborate intensification and diversification mechanisms, another
would be to have a close study of configuration structures in order to devise clever
neighborhoods and constraint handling techniques. It would also be interesting to
envisage a combination of some advanced constraint propagation techniques with tabu
search.

This work underlines once again the importance of efficient data structures for the
high performance of a TS algorithm. It also confirms that parameter setting is crucial
for obtaining quality solutions.

The TS-SLSP may also be adaptable to other sports scheduling problems, e.g., the
minimization of breaks (two consecutive home or away matches) [21] and those
studied in [17]. Let us also mention that TS has already proven efficient for solving
some sports scheduling problems, with constraints of various types. A hybrid tabu
search has been proposed [4] to respond to the National Hockey League’s scheduling
problem, which underlines the effectiveness of a TS / genetic algorithm combination;
the skilful mix of elements of the two methods produces better results than those of
separately considered methods. All these studies suggest that a metaheuristic approach
(e.g., TS, simulated annealing, genetic hybrid) has good potential for solving various
planning and scheduling problems related to sporting events.E]

Acknowledgments. We would like to thank J.C. Régin for having sent us his latest
results and the referees for their relevant remarks.
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Appendix:

The table gives a solution to the Sports League Scheduling Problem found by TS-
SLSP for 40 teams.

Periods
E|S|x|I|a|a|E|3|s|Z|s|e|e|=|a|v|s|w|w]~
ERIREIBG| R RS Ra| Na| BE| 85| 85| 22| Ba| Ras| 6+ G~| So| Gu| Roo| Zus o —| —
BB REING| R NS BN B 8525|8582 3| 5| Roo| 1= Bor | Bun| # = wio|
RE|RBIVRIER|NG|Be| B3| BR| 25| BE| D5 RS 22| o —| Dol B oeo| B RS| v+ w|w
B REIRNINR B R 8% 05| Ba| 5| RE[ 2T RS 2| 85| Bo|eo—| Az ovw|wva &
| RRINBIRNBRBE v (B B3| R A5 R E| U5 85| 8|5 = BR| cow| 25| ov | v
G590 IRR[BE| BN 2R BB Ra| 05| 83| BR| B E| 85| s —| S| ow| o k|wuw oo
| RRIBRB5| 39| BN SR RE| 25| Ra| W3R R BR|EX S| S w| S| 2 oo e~ <
S| BRIBR[ZRBR| D8 N5 B3| RE| 8| 2wt 3| G| v S e | S v S o R3[|
BR|BRI2NBR| SR RE SB[ RE| 2R 88| 88|e—| I aw| ok Ru| 5o B~ 2w So|v
o 2RIBRIBY R PR R R S| 8| BR(B—|al| 88| Sx| 2| o B~ 5[5 =355
BE|B BN RSN KR AR BR|EL B3| 2| Buw|er|mu| TR |G| Bl 5an S| =
S| D2 RB[RRERE| AR KRR A R—| 55| Bw[8R| By oz~ Te| x| B 2 2ER|S
Do B8R e B R S| R—| B Re| B [RBu| B85 2| ox| 88| 53| B~ an | 8|S
Ru| B8R 8 2 88| 88| R — B | Ruw| R+ | BR[| B Re| Bl 55| m=| Sh|am| o m| =
LR B8] B2 B—| B Buw| Na|Ru| Ro[ R B3| R B2 G5 » 5| SR o m| &
Do BB B[R 0|8 —| 2| B | B Bun| Bo| B~ B 85| B3| N2 NG| BE|SE|=0| 35| =
BLBRBA L= BB Sm| BB 2 Reo|Re| 23| R RSIREREBGIR< =353
B5|8Y IR =B R B+ 8w 35| 8| Bx| Bo|Ra| RIRE| RE|BE|NG| R 58| 5| =
Ew&—ﬁwaw“#ﬁm&o$<3%%085%:8;%:8;&3&5232;8552
|G| | G| B55) 51| £ 00| 0| ST B2 BT | BT W | BT 15| RS E—| 25| =8|S| &
Na|w—|BaBu| Qo R B Ro| B3| 2| 25| 85| B | BT 50| BRI R Re| B8N 7
B~ eolu—B5|Ew| Boo| Ro| LR RI|BS|B5| 25| 80| RE| RS B R B RE BN
Ro5|nw|omf = Boo| o B+ R BE| U5 BE[BG| 25| 85| Be| BT RS RN RS
BT o] wwlon|o—| B3| S| US| KRGS E[Ev| 85| BT Lx| 80| B8 BRNRIKE| BRI R
Ba| 2 w|oo s BRI S| Z—|B5|R5| BE| X8| SR RS 0w 5| 2B 50| B KRG [QRIRY| %
Zwleoo|ou| S| B Gr| B R rn| R0 DR KT BE| RO B8 B 2R 8B BRI8Y 5K
RS oSS SR v BN B B8R 85| U o—| B S| RR|SRB Y 2R 8HIBRBYN%
B3| 2G| Tu| R Gw| R 5| 8| o] B8 R 2R R B R| Ev| R38N B8 8
Zo| B3 eS| Eo|Tv| BB Tw| w8882 AR R KRBV S| BYs+ (88|18
S| BTl Ew| o= o Tu| BR|Tw| B R—m s B 2R R BR| R BR|BR(2e|L
BT RS8R 2% 54| m o B—| B e Ru|Belgu| 5o| 2RI AR[RX 2R RRH8 852
B 200|233 me| R Bo| Rul B3| Bu R R —| SR 2R 4R 2B w8~ 218
B-[5535|35| 82 v Bo| R BoBuRe|Rw| K| R 85| 8B 18| 5| 4| 25| S
e R Somn|oD B85 Re|E5| B Re| Bu| R Bw| 4| B —88| %2 BB R R
B|S5|nE[Cn|BE|RIRNE|Xu| Ree| B~ BoBo| B+ |Bw| SR 2 —| 88| 838|182 &
Bo|m| o SE|RG|RNE| NI R| Ro|Reo| R B Bu| 8+ Zwl 5| S—| BR[ED LR R
Bo|o3|BR[Bw|RE| D5 RSB RS De| B o B R5| 5 —| 8+ Ex| B 2u|8KR[$%| 8
RE|SH|INSINS|R5 BT PRGN 8| Bo|Be| 2w|R3| Bu| R e Bw| Bo |9 — 85| &
BIRCIN|E8| R NG| B 20| RS B2 85| X5 Boe| S| Ra|Bu| R e Qw20 RE|8




Lagrange Multipliers for Local Search on
Planning Graphs

Alfonso Gerevini and Ivan Serina

Dipartimento di Elettronica per I’Automazione
Universita di Brescia, via Branze 38
25123 Brescia, Italy
{serina,gerevini}@ing.unibs.it

Abstract. GPG is a planner based on planning graphs that combines
local search and backtracking techniques for solving both plan-generation
and plan-adaptation tasks. The space of the local search is formed by
particular subgraphs of a planning graph representing partial plans. The
operators for moving from one search state to the next one are graph
modification operations corresponding to adding (deleting) actions to
(from) a partial plan. GPG can use different types of heuristics based
on a parametrized cost function, where the parameters weight different
types of constraint violation that are present in the current subgraph.
A drawback of this method is that the performance is sensitive to the
static values assigned to these parameters.

In this paper we propose a refined version of the local search heuristics
of GPG using a cost function with dynamic parameters. In particular,
the cost of the constraint violations are dynamically evaluated using
Lagrange multipliers. As the experimental results show, the use of these
multipliers gives two important improvements to our local search. First,
the revised cost function is more informative and can discriminate more
accurately the elements in the neighborhood. As a consequence, the new
cost function can give better performances. Secondly, the performance
of the search does not depend anymore on the values of the parameters
that in the previous version need to be tuned by hand before the search.

1 Introduction

Domain-independent planning is a very hard search problem. The large majority
of the search techniques that have been proposed for domain-independent plan-
ning relies on systematic methods that in principle can examine the complete
search space (e.g., [I/I0J11]). However, despite their theoretical completeness, in
practice these algorithms are incomplete because for many planning problems
the search space is too large to be (even partially) explored, and so a plan cannot
be found in reasonable time (if one exists).

Recently, alternative approaches using local search have been proposed (e.g.,
[213J5819]). These methods are formally incomplete, but in practice they can be
more efficient than systematic methods when the planning problem is solvable.

A. Nareyek (Ed.): Local Search for Planning and Scheduling, LNAT 2148, pp. 37-[54] 2001.
© Springer-Verlag Berlin Heidelberg 2001
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In [3] we introduced a framework for local search in the context of the “planning
through planning graph analysis” approach [1]. We formulate the problems of
generating and adapting a plan as search problems, where the elements of the
search space are particular subgraphs of the planning graph representing partial
plans. The operators for moving from one search state to the next one are par-
ticular graph modification operations corresponding to adding (deleting) some
actions to (from) the current partial plan.

The general search scheme consists of an iterative improvement process
which, starting from an initial subgraph of the planning graph, greedily im-
proves the “quality” of the current plan according to a cost function. Such func-
tion measures the cost of the graph modifications that are possible at any step
of the search. The cost of a modification is estimated in terms of the constraint
violations that a modification introduces or eliminates, where a constraint viola-
tion is either an unsatisfied action precondition or an exclusion relation between
actions. A final state of the search process is any subgraph representing a valid
complete plan.

This local search framework has been implemented in a system called GPG,
which can use different types of heuristics to guide the search. These heuristics
can be easily implemented by appropriately setting the values of certain param-
eters of the cost function weighting the different types of constraint violations
that can be introduced or removed by a graph modification.

Unfortunately, preliminary experimental results indicated that the perfor-
mance of this original technique can be highly sensitive to the static values
assigned to these parameters, and in this paper we give additional experimental
results showing that indeed this is the case. In order to cope with this drawback,
we propose a refined version of the local search heuristics of GPG using a cost
function with dynamic parameters. Our technique is similar to the use of discrete
Lagrange multipliers recently proposed in [T3JT4IT5] for solving SAT problems.
The general idea is that a set of constraint violations is associated with a dynamic
multiplier estimating the cost of solving them. If the value of the multiplier is
high, then the corresponding set of constraint violations is considered “difficult”,
while if the value is low it is considered “easy”. The multipliers have all the same
default initial value, which is dynamically updated during the search each time
a local minimum is reached.

As the experimental results show, the use of these multipliers in the cost func-
tion guiding the search gives two important improvements to our local search.
First, the revised cost function is more informative and can discriminate more
accurately the elements in the neighborhood. As a consequence, the new cost
function can give better performances. Secondly, the performance of the search
does not depend anymore on the values of the parameters in the cost function,
that in the previous version need to be tuned by hand before the search.

The rest of this paper is organized as follows. In Section[2 we briefly illustrate
the planning graph data structure; in Section [B] we introduce our general local
search scheme; in Section [ we illustrate the use of Lagrange multipliers in the
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cost function; in Section [5] we present our experimental results; finally, in Section
we give our conclusions.

2 Planning Graphs

In this section, we briefly review the approach to planning based on planning
graphs [1]. Given a planning problem, first we construct a planning graph for it,
and then we search for a particular subgraph of the planning graph representing
a valid plan for the problem.

A planning graph is a directed acyclic levelled graph with two kinds of nodes
and three kinds of edges. The levels alternate between a fact level, containing
fact nodes, and an action level containing action nodes. An action node al level
t represents an action that can be planned at time ¢t. A fact node represents
a proposition corresponding to a precondition of one or more operators instan-
tiated at time step t (actions at time step t), or to an effect of one or more
actions at time step ¢t — 1. The fact nodes of level 0 represent the positive facts
of the initial state of the planning problem The last level is a proposition level
containing the fact nodes corresponding to the goals of the planning problem.

In the following, we indicate with [u] the proposition (action) represented by
the fact node (action node) u. The edges in a planning graph connect action
nodes and fact nodes. In particular, an action node a of level i is connected by:

— precondition edges from the fact nodes of level i representing the precondi-
tions of [a];

— add-edges to the fact nodes of level i 4+ 1 representing the positive effects of
[a];

— delete-edges to the fact nodes of level ¢ 4+ 1 representing the negative effects
of [al;

Two action nodes of a certain level are mutually exclusive if no valid plan can
contain both the corresponding actions. Similarly, two fact nodes are mutually
exclusive if no valid plan can make both the corresponding propositions true.
There are two cases in which two action nodes a and b are marked as mutually
exclusive in the graph [1]]: one of the actions deletes a precondition or add-effect
of the other (interference); a precondition node of a and a precondition node of
b are marked as mutually exclusive (competing needs).

Two proposition nodes p and ¢ in a proposition level are marked as exclusive
if all the ways of making proposition [p] true are exclusive with all ways of
making [¢] true. Specifically, they are marked as exclusive if each action node a
having an add-edge to p is marked as exclusive of each action node b having an
add-edge to . When two facts or actions are marked as mutually exclusive, we
say that there is a mutex relation between them.

An action node a of level ¢ can be in a “valid subgraph” of the planning
graph (a subgraph representing a valid plan) only if all its precondition nodes

! Planning graphs adopt the Closed World Assumption.
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are supported, and a is not involved in any mutual exclusion relation with other
action nodes of the subgraph. We say that a fact node q of level i representing
a proposition [¢] is supported in a subgraph G’ of a planning graph G if either

— in G’ there is an action node at level ¢+ — 1 representing an action with
(positive) effect [g], or
— i =0 (i.e., [¢] is a proposition of the initial state).

Given a planning problem P, the corresponding planning graph G is incre-
mentally constructed level by level starting from level 0 using a polynomial
algorithm [I]. The last level of the graph is the first propositional level where
the goal nodes are present, and there is no mutex relation between them. (In
some cases, when the problem is not solvable, the algorithm identifies that there
is no level satisfying these conditions, and hence it detects that the problem is
unsolvable before starting to search).

Once a planning graph has been constructed, we search for a subgraph G’ of
G that is a solution (valid plan) for P. Le., we search for a subgraph such that

(1) all the precondition nodes of the actions in G’ are supported,
(2) every goal node is supported,
(3) there are no mutual exclusion relations between action nodes of G’.

If the search of a solution fails, the planning graph can be extended by adding
extra levels, and a new search is performed on the resulting graph. The reasons
why a search phase can fail depends on the kind of search that is performed. In
the case of systematic search, as in IPP [I0], the search fails because it detects
that the problem is unsolvable given the current number of levels in the graph;
while in the case of a local search, as in GPG, the search fails because a certain
search limit has been exceeded.

In order to simplify the notation in the rest of the paper, we will consider
the goal facts in the last level of the graph as precondition facts of a special
additional action node, End, which has no effect and which is the last action in
any planning graph.

Figure [l gives an example of a planning graph for a simple problem in the
Rocket domain, that was originally given in [4]. The action load(b,R,S) is mu-
tually exclusive with move (R,S,D) because move(R,S,D) deletes a precondition
of 1oad(b,R,S). The fact in(b,R) and at(R,S) are mutually exclusive because
all the ways of generating the first (i.e., load(b,R,8)) are exclusive of all the
ways of generating the second (i.e., move(R,S,D)).

3 Local Search on Planning Graphs

In this section we review the general local search process of GPG that we pro-
posed in [3].

The local search of GPG for a planning graph G of a given problem P is a
process that, starting from an initial subgraph G’ of G (a partial plan for P),
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unload(a,R,D)

unload(b,R,D)
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Fig.1. A portion of the planning graph for a simple problem in the Rocket domain
[1] with one rocket R, two objects a and b, a start location S and destination D. Delete
edges (negative effects) are represented by dashed lines, add edges and precondition
edges by solid lines. The solution plan is represented by facts and actions with bold
boxes.

transforms G’ into a solution of P through the iterative application of some graph
modifications improving the quality of the current partial plan. Each modifica-
tion is either an extension of the subgraph to include a new action node of G, or
a reduction of the subgraph to remove an action node (and the relevant edges).

Adding an action node to the subgraph corresponds to adding an action to
the partial plan represented by the subgraph (analogously for removing an action
node). At any step of the search process the set of actions that can be added
or removed is determined by the constraint violations that are present in the
current subgraph of G. Such violations correspond to

— mutually exclusive relations involving action nodes in the current subgraph;

— unsupported facts, which are either preconditions of actions in the current
partial plan, or goal nodes in the last level of the graph (i.e., precondition
nodes of the special action End).

More precisely, the search space is formed by the set A of all the action subgraphs
of the planning graph G.
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An action subgraph A € A of a planning graph G is a subgraph of G
containing the final action End and such that, if a is an action node of G in A,
then also the fact nodes of G corresponding to the preconditions and positive
effects of [a] are in A, together with the edges of G connecting them to a.

A solution subgraph of G (a final state of the search problem) is an action
subgraph A, containing the goal nodes of G and such that

(1) all the fact nodes corresponding to preconditions of actions in A are sup-
ported;
(2) there is no mutex relation between action nodes.

The general scheme for searching a solution graph consists of two main steps.
The first step is an initialization of the search in which we construct an initial
action subgraph. The second step is a local search process in the space of all
the action subgraphs, starting from the initial action subgraph. We can gener-
ate an initial action subgraph in several ways. Three possibilities that we have
implemented are:

— a randomly generated action-subgraph;

— an action-subgraph where all precondition facts and goal facts are supported
(but in which there may be some violated mutually exclusive relations);

— an action-subgraph obtained from an existing plan given in input to the
process.

These kinds of initialization can be performed in linear time with respect to
the size of G. The third initialization method is particularly useful when the
local search is used for solving plan adaptation problems (further details on the
initialization step can be found in [3]).

Once we have computed an initial subgraph, the search phase is performed
in the following way. A constraint violation in the current subgraph is randomly
chosen. If it is an unsupported fact node, then in order to resolve (eliminate)
this constraint violation, we can either add an action node that supports it,
or we can remove an action node which is connected to that fact node by a
precondition edge. If the constraint chosen is an exclusion relation, then we
can remove one of the action nodes of the exclusion relation. Note that the
elimination of an action node can remove several constraint violations (i.e., all
those corresponding to the set of exclusion relations involving the action node
eliminated). On the other hand, the addition of an action node can introduce
several new constraint violations. Also, when we add (remove) an action node
to satisfy a constraint, we also add (remove) all the edges connecting the action
node with the corresponding precondition and effect nodes in the planning graph
— this ensures that each change to the current action subgraph is another action
subgraph.

More formally, we can define the neighborhood of an element of the search
space in the following way: given a planning graph G, an action subgraph A of
G and a constraint violation s in A, the neighborhood N (s, A) of s in A is the
set of action subgraphs obtained from 4 by applying a graph modification that
resolves s.
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At each step of the local search the elements in the neighborhood are weighted
according to a certain cost function, and an element with the minimum cost is
then chosen as the next subgraph (search state).

Given a planning problem P, a planning graph G of P and an action subgraph
A of G, the general cost function of A is a function F': A — N such that:

F(A) = Z mutex(a, A) + precond(a, A)

acg

where:
0 ifa /e A

mutex(a, A) = {me(a, A ifae A

0 ifa /e A

precond(a, A) = {pre(a,A) ifae A

and me(a, A) is the number of action nodes in A which are mutually exclusive
with a; pre(a, A) is the number of precondition facts of @ which are not supported
in A.

It is easy to see that, when the search reaches a subgraph for which the value
of F' is zero, the planning problem has been solved (the current subgraph is a
solution subgraph). Using F' we can also formulate the local search process on
G as the following constrained optimization problem:

min aea F'(A)

subject to
mutex(a, A) =0 for all a € G
precond(a, A) =0 for all a € G

4 Heuristics

4.1 Some Basic Heuristics

The simple use of a general cost function to guide the local search has the
drawback that it can lead to local minima from which the search can not escape.
For this reason, instead of using F', GPG uses a parametrized action cost
function C' which is more flexible than F', and allows to specify different types
of heuristics. This function specifies the cost of inserting (C*) and of removing
(C™) an action [a] in the partial plan represented by the current action subgraph
A. The action cost function is defined in the following way:

C(la), A)* = a* - pre(a, A) + 8 - me(a, A) ++* - unsup(a, A)
C([a], A) =
C([a], A)" = a" - pre(a, A) + 5" - me(a, A) +7" - sup(a, A),
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where me(a, A) and pre(a, A) are defined as in the general cost function,
unsup(a, A) is the number of unsupported precondition facts or goals in A that
become supported by adding a to A, and sup(a,.A) is the number of supported
precondition facts or goals in 4 that become unsupported by removing a from
A.

By appropriately setting the values of the coefficients «, 8 and v we can im-
plement different heuristic methods aimed at making the search less influenced
by local minima because “less committed” to follow the gradient of the gen-
eral cost function. Their values are set before searching and have to satisfy the
following constraints:

—a',f>0,4" <0in C*
A", BT < 0,47 >0in C".

Note that the positive coefficients of C' (a?, 3¢ and ") determine an incre-
ment of C which is related to an increment of the number of constraint viola-
tions. Analogously, the non-positive coefficients of C' (", 3" and +*) determines
a decrement of C' which is related to a decrement of the number of constraint
violations.

In [3], we have proposed three basic heuristics: Walkplan, Tabuplan and T-
Walkplan. Walkplan is similar to the heuristic used by Walksat [12/9], and can
be implemented by setting of, 3* > 0,7 = 0 and a", 3" = 0,7" > 0. Le., the
action cost function of Walkplan is

C([a], A)t = o' - pre(a, A) + ¢ - me(a, A)
C(la], A) =
C(la], A)" =" - sup(a, A).

In Walkplan, the best element in the neighborhood is the subgraph introducing
the fewest new constraint violations (i.e., it does not consider the constraint vio-
lations of the current subgraph that are resolved). In addition, Walkplan uses a
“noise” parameter p. Given an action subgraph A and a (randomly chosen) con-
straint violation, if there is a modification that does not introduce new constraint
violations, then the corresponding action subgraph in N(s,.A) is chosen as the
next action subgraph. Otherwise, with probability p one of the subgraphs in
N(s, A) is chosen randomly, and with probability 1 —p the next action subgraph
is chosen according to minimum value of the action cost function.

Tabuplan is a tabu search [6J7] in which the last k actions inserted or removed
in the action subgraph are stored in a tabu list of length k. At each step of the
search, from the current action subgraph we choose as next subgraph the best
subgraph in N(s,.A) which can be generated by adding or removing an action
that is not in the tabu list. The best subgraph in N(s,.A) is chosen using C with
the coefficients set to values satisfying of, 3* > 0,7* < 0 and a", 8" < 0,7 > 0.
Ie., this heuristic is more greedy than Walkplan, in the sense it considers not



Lagrange Multipliers for Local Search on Planning Graphs 45

only the new constraint violations that are introduced by graph modification,
but also those that are eliminated.

Finally, T-Walkplan is a combination of Walkplan and Tabuplan in which a
tabu list is used simply for increasing the cost of a certain graph modifications,
instead of preventing them as in Tabuplan. More precisely, when we evaluate the
cost of adding or removing an action [a] which is in the tabu list, the action cost
C([a], m) is incremented of § - (k — j), where § is a small quantity (e.g., 0.1), k is
the length of the tabu list, and j is the position of [a] in the tabu list. (Further
details on the basic heuristics implemented in GPG can be found in [3/5].)

4.2 Dynamic Heuristics Based on Lagrange Multipliers

Unfortunately, experimental results revealed that the values of the «, 3 and 7~y
coefficients in C' can significantly affect the efficiency of the search. Since their
value is static, the optimal performance can be obtained only when their values
are appropriately “tuned” before search. Moreover, the best parameter setting
can be different for different planning domains (or even for different problems
in the same domain). In order to cope with this drawback, we have revised
the cost functions by weighting their terms with dynamic coefficients similar to
the discrete Lagrange multipliers that have successfully used for solving SAT
problems [T3[T5].

The use of these multipliers gives two important improvements to our local
search. First, the revised cost function is more informative, and can discriminate
more accurately the elements in the neighborhood. Secondly, the new cost func-
tion does not depend on any static coeflicient (the «, § and « coefficients can
be omitted, and the initial default value of all the new multipliers is relatively
important) [

The general idea is that each constraint violation is associated with a dy-
namic multiplier that weights it. If the value of the multiplier is high, then the
corresponding constraint violation is considered “difficult”, while if the value is
low it is considered “easy”. Using these multipliers, the cost of a subgraph will
be estimated not only in terms of the number of constraint violations that are
present in it, but also in terms of an estimation of the difficulty to solve the
particular constraint violations that are present.

Since the number of constraint violations that can arise during the search
can be very high, instead of maintaining a distinct multiplier for each of them,
our technique assigns a multiplier to a set of constraint violations associated
with the same action. Specifically, for each action a, we have a multiplier A%, for
all the mutex relations involving a, and a multiplier A} for all the preconditions
of a. Intuitively, these multipliers estimate how difficult is to globally satisfy all
the preconditions of an action, and to globally avoid to have that a is mutually

2 However, when both positive and negative terms are considered as in Tabuplan,
using a static parameter for weighting the relative impact on the cost function could
be useful to impose a particular degree of greediness to the search. The higher is the
weight of the negative terms, the more greedy is the search.
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exclusive with another action in the action subgraph. As we will show, this
estimation is based on the search already performed up to the current action
subgraph. The multipliers can be used in the general cost function to weight
the unsupported preconditions or goals, and mutex relations that are present in
the current action subgraph. In particular, the function F' can be revised to the
following function:

F\(A) = z:()\ﬁ1 -mutex(a, A) + X - precond(a, A))

a€g

Similarly, we can refine the cost C([a],.A)" of inserting the action node [a]
and the cost C([a], A)" of removing [a] as follow:

Ca([a], A)" = A2 - pre(a, A) + A%, - me(a, A) — AF

Cx([a], A)" = =X} - pre(a, A) — A7, - me(a, A) + A,

where A} is the sum of the unsupported preconditions of the actions a; in A
that become supported by adding a, weighted by \p’; while A is the sum of
the supported preconditions that become unsupported by removing a, weighted

by Ap’. More formally, the A-terms are defined in the following way:

AT =0 Ay (pre(ag, A) — pre(ag, A+ {a})).

CLJ'E.A

Ay = Y A9 (pre(ay, A {a}) — pre(a;, A)),
aj€A—{a}

For example, the action cost function for Walkplan becomes

Cx([a], A)Z = )\Z -pre(a, A) + Ay, - me(a, A)

Cx(lal, A)" = 4,

The multipliers have all the same default initial value, which is dynamically
updated during the search. Intuitively, we want to increase the multipliers asso-
ciated with actions introducing constraint violations that turn out to be difficult
to solve, while we want to decrease the multipliers associated with actions whose
constraint violations tend to be easier. These will lead to prefer subgraphs in the
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neighborhood that appear to be globally easier so solve (i.e., that are closer to
a solution graph).

The update of the multipliers is performed whenever the local search reaches
a local minimum (i.e., when there is no element in the neighborhood that has a
C-cost equal to, or less than zero). The values of the multipliers of the actions
that are responsible of the constraint violations present in the current action
subgraph are then increased, while the multipliers of the actions that do not
determine any constraint violation are decreased. For example, if a is in the
current subgraph and is involved in a mutex relation with another action in
the subgraph, then A% is increased; similarly, if ¢ has a precondition that is
not supported, A} is increased. In order to prevent the unbounded increase and
decrease of the multipliers, we impose a maximum and a minimum value to them
(Amaz and A, respectively). More precisely, when the search reaches a local
minimum we update the A-multiplers in the following way:

min(Amaz, Ag +01)  if precond(a, A) /=0

A =
P
max(Amin, \o —07)  if precond(a, A) = 0
iz, NSy +6%) i mutea(a, A) /=0
AL =

max(Amin, A% —07)  if mutex(a, A) =0

where §7 is a positive small quantity controlling how fast the multipliers in-
crease their value, and 0~ is a Eositive small quantity controlling how fast the
multipliers decrease their value!

5 Experimental Results

In this section, we give some experimental results concerning the performance of
GPG for a set of planning problems, some of which are very hard to solve for both
Graphplan and IPP, two planner using backtrack search on planning graphs
In particular, we have considered problems in the following known benchmark
domains: Rocket (rocket_a), Logistics (logistics_a, logistics_b and logistics_c), Tsp
(tsp-11), Fridgeworld (f2), Sokoban (sk1) and Gripper (gripper.8).

The experiments were aimed at testing the behavior of the local search pro-
cess with and without the Lagrange multipliers. Here we focus on the results
for Walkplan (other experiments aimed at testing Tabuplan and T-Walkplan

3 In order to make more accurate the increment of Ap, in our implementation ot
is weighted by taking into account the proportion k of unsupported preconditions
of a with respect to the total number of unsupported preconditions in the action
subgraph (i.e, A; is increase by k-67). Similarly, when we increase \%,, 6 is weighted
by the proportion of mutex involving a with respect to the total number of mutex
in the subgraph.

4 GPG is available by inquiry to the authors.
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Fig. 2. Performance of Walkplan without Lagrange multipliers for logistics_a.
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Fig. 3. Performance of Walkplan without Lagrange multipliers for logistics_b.

are in progress). The tests were conducted on a PC Pentium IT 400 MHz with
256 Mbytes of RAM. The planning graph was constructed with the minimum
number of levels that is sufficient to solve the problem.

Figures[2 3[4, [, 6], [1, Bland[@ plot the CPU-time in logarithmic scale required
by Walkplan using the original cost function without the Lagrange multipliers.
Each figure refers to a different benchmark problem. On the x-axis we have the
tests corresponding to different values of the parameters 4" and p (the noise);
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Fig. 4. Performance of Walkplan without Lagrange multipliers for logistics_c.
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Fig. 5. Performance of Walkplan without Lagrange multipliers for gripper_8.

" was varied between 0.8 and 2.7, p was varied between 0.1 to 0.4[8 The values
of these parameters are plotted as different curves. In particular, for each of the
four noise values considered, nine different values of v" were used. Each CPU-

5 The values for o and 3° were constantly kept equal to 1. The reason for this is that
we had experimentally observed that better performance can be obtained when these
parameters are set to the same value, and that Walkplan is mainly influenced by the
ratio of the values of o and (i.e., the parameters associated with the introduction
of new constraint violations) to the value of 4" (i.e., the parameter associated with
the removal of existing constraint violations).



50 A. Gerevini and I. Serina

SECONDS (logarithmic scale)

T T T T T T T T ‘C]‘)U_"FIME‘ T T
gamma_r -
Noise * 100 -
100 E
10
1 |-
ol b L L

1234567 8910111213141516 17 181920 21 22 23 24 25 26 27 28 29 30 31 32 33 34 35 36
TESTS FOR ROCKET_A

Fig. 6. Performance of Walkplan without Lagrange multipliers for rocket_a.
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Fig. 7. Performance of Walkplan without Lagrange multipliers for skl in the sokoban
domain.

time plotted in the figures is an average over 20 runs; each run consists of at
most ten tries; each try consists of an initialization phase (the generation of an
initial action subgraph), followed by a search phase where the parameters of the
heuristic were set as indicated.

The results of these figures show that the performance of Walkplan is highly
sensitive to the values of the parameters of the cost function (in logistics_b, for
example, when the noise is set to 0.1 the minimum CPU-time required was 3.9
seconds and the maximum 188.8).
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Fig. 8. Performance of Walkplan without Lagrange multipliers for 2 in the Fridge-
world domain.
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Fig. 9. Performance of Walkplan without Lagrange multipliers for tsp_11 in the tsp
domain.

Figure [0l gives the average CPU-times of Walkplan with the new action cost
function using the Lagrange multipliers (C)). Each CPU-time is an average over
20 runs. Each table in the figure refers to a different benchmark problem and
includes the minimum/maximum CPU-times required by Walkplan without La-
grange multipliers (C') in the previous experimentsﬁ The results for C) given in
Figure [[0]show that the performance of the local search using the new technique

5 Note that these results are plotted in Figures[2ZHd and are averages over 20 runs.
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Logistics_a Logistics_b
Noise C C Noise C C
min mean max | mean min mean max | mean
0.1 | 2.27 18.5 134.4 | 1.19 0.1 3.9 29.8 188.8 | 1.35
0.2 0.9 14.5 120.1 | 0.61 0.2 1.62 23.9 190 0.92
0.3 0.6 5.23 40.6 0.48 0.3 | 0.80 19.8 166 0.88
0.4 | 0.52 2.5 17.2 0.49 0.4 | 0.64 13.24 | 109.8 | 0.92
Logistics_c Gripper_8
Noise C Cy Noise C Cy
min mean max | mean min mean max | mean
0.1 3.9 25.4 53.5 | 2.52 0.1 3.6 59.94 88.3 1.97
0.2 | 6.55 39.6 223.3 | 3.1 0.2 7.0 60.56 | 120.4 2.6
0.3 5.1 33.0 192 1.2 0.3 5.7 60.46 | 103.7 | 19.5
0.4 5.9 27.7 168.8 | 1.8 0.4 | 23.3 79.3 156 62.9
Rocket_a Sokoban_1
Noise C CH Noise C C
min mean max | mean min mean max | mean
0.1 | 0.44 4.74 37.2 0.59 0.1 1.2 26.47 | 178.2 | 1.19
0.2 | 0.27 3.21 25.6 1.01 0.2 1.5 27.51 | 222.8 | 1.12
0.3 | 0.25 3.62 28.5 0.71 0.3 2.1 23.0 182.5 1.8
0.4 0.3 3.37 25.2 1.14 0.4 1.6 32.1 259 7.0
Fridgeworld_2 Tsp_11
Noise C Ch Noise C Ch
min mean max | mean min mean max | mean
0.1 7.1 80.18 | 172.3 5.8 0.1 | 48.7 88.5 140.1 | 33.2
0.2 0.8 21.95 86.0 6.1 0.2 | 14.1 41.37 66.4 19.2
0.3 0.4 3.83 10.7 1.5 0.3 | 12.9 26.88 45.1 17.0
0.4 | 0.23 0.71 1.9 0.36 04 | 14.6 21.06 29.2 12.0

Fig.10. CPU-time (seconds) required by Walkplan with (Cy) and without (C) La-
grange multipliers for solving some benchmark problems.
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is close to, or even better than the best performance that can be obtained using
the original technique with static parameters.

6 Conclusions

Local search for domain independent planning has recently emerged as a promis-
ing alternative method to traditional backtracking techniques. GPG is a recent
system for plan generation and adaptation that combines local search and back-
tracking techniques [3/5]. In this paper we have focused on the local search of
GPG, proposing a new dynamic cost function for guiding the search. The re-
sulting search technique has two main advantages over the previous technique
relying on appropriately setting some static parameters of the cost function.
First, the original parameters of the cost function have been replaced with dy-
namic parameters (Lagrange multipliers), deriving a function that can give a
more accurate evaluation of the elements in the neighborhood. Secondly, since
these parameters are automatically tuned during the search, the performance of
the local search is much less sensitive to their initial value, which can be the
same default value for all the planning problems and domains.

The results of several experimental tests using Walkplan show that the per-
formance of the new local search technique of GPG is close to, or better than
the best results we can obtain when the parameters of the original cost function
are tuned by hand before the search.

Current work includes further experiments to test the performance of Tabu-
plan and T-Walkplan using dynamic multipliers in the action cost function.
Preliminary results suggest that the use of Lagrange multipliers can improve
also the performance of these heuristics.
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Abstract. Resources such as food, hit points or magical power are stan-
dard features of today’s computer games. Computer-guided characters
often have goals that are related to these resources and must take this
into account in planning their behavior. In the field of artificial intel-
ligence, resource-based action planning systems have recently begun to
mushroom. However, these systems still tend to neglect resources. Con-
ventional plan length is the primary optimization goal, resources being
of only secondary importance. This paper illustrates the problem and
gives an overview of the EXCALIBUR agent’s planning system, which over-
comes these deficiencies by applying an extended constraint program-
ming framework to planning. It allows the search space to be explored
without the need to focus on plan length, makes it possible to optimize
other criteria like resource-related properties and promotes the inclusion
of domain-dependent knowledge to guide and accelerate the search for a
plan.

1 Introduction

A key factor in today’s computer games is the computation of an appropriate be-
havior of computer-guided characters/mobiles/items (henceforth called agents).
Reactive capabilities can be easily integrated by means of simple hard-wired if-
then rules. Higher-level reasoning is hardly ever implemented, however. This is
not because such methods are not needed. The reason is that there are hardly any
techniques available because the field of artificial intelligence (AI) has focused
mainly on simplified problems and algorithms with provable properties, such as
completeness and termination. However, problems of optimizing an agent’s be-
havior with respect to resource-related properties, such as the maximization of
an agent’s strength, belong to the complexity class of undecidable problems and
are hardly ever addressed.

The Al field that deals with determining the right actions to pursue an agent’s
goals is Al planm’ngﬁ. The basic planning problem is given by an initial world
description, a partial description of the goal world, and a set of actions/operators
that map a partial world description to another partial world description. A

! Please note that the use of the term planning in Al is different from what people in
the operations research (OR) community would expect (e.g., scheduling).

A. Nareyek (Ed.): Local Search for Planning and Scheduling, LNAT 2148, pp. 55-[78 2001.
© Springer-Verlag Berlin Heidelberg 2001
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solution is a sequence of actions leading from the initial world description to
the goal world description and is called a plan. The problem can be enriched
by including further aspects, like temporal or uncertainty issues, or by requiring
the optimization of certain properties.

Nearly all real-world (virtual-world) problems involve numerical resources,
which restrict a planning system’s decision options and may be subject to op-
timization criteria. In recent years, new planning systems have been developed
that are able to handle resources. However, in most cases the resources are only
used as auxiliary conditions to guarantee a valid plan. Even in most approaches
that include an optimization of resource-related properties, the plan length still
serves as the primary optimization criterion.

Sections [ and [ introduce the Orc Quest example and use it to show the in-
appropriateness of today’s planning systems for resource-optimization problems.
Section [ presents an overview of the EXCALIBUR agent’s planning system, which
tackles these problems and explains the system’s approach using the Orc Quest
example. Key techniques are the use of an extended constraint programming
framework and the application of local search guided by domain knowledge.
Related work and conclusion are given in Section Bl

2 The Orc Quest Example

Imagine you are a computer-guided Orc in a computer gamﬂ. Your interests
are somewhat different from those of your philistine Orc friends. To get them
a little more acquainted with the fine arts, you decided to surprise them with
a ballet performance. As a highlight, five of those delicate humans are to play
supporting roles. However, the uncivilized humans do not appreciate the charm
of Orc-produced art and are extremely reluctant to participate. This makes it
rather painful to catch a human and force him to take part in the performance,
and much more painful to catch a whole group of them. On the other hand,
going for a group saves time. This can be formalized as follows:

STATEVARS: Duration, Pain, Performers € Nj

INIT: Duration = O, Pain = O, Performers = 0
GOAL: Performers > 5

ACTION catch_only_one:
Duration += 2, Pain += 1, Performers += 1

ACTION catch_a_group:
Duration += 5, Pain += 4, Performers += 3

2 For those who have not heard of Orcs before: “Orcs ... are the most famous of
Tolkien’s creatures. ... Orcs tend to be short, squat and bow-legged, with long arms,
dark faces, squinty eyes, and long fangs. ... Orcs hate all things of beauty and love
to kill and destroy.” [Mattsson 2000]
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2.1 The Application of Planning Systems

Being an Orc, you lack sufficient brain power to solve the problem. You therefore
apply a conventional Al planning system and come up with the following plan:
catch_a_group & catch_a_group, which yields a plan duration of 10 hours,
an 8 on the pain scale and 6 performers. The plan attains your goal of
catching at least 5 performers, but the other results look to you to be capable
of improvement.

You realize that you have forgotten to apply an optimization criterion. You
thus repeat the planning process, applying a state-of-the-art resource-based plan-
ning system that you request to minimize your pain, hoping dearly that none of
your Orc friends will realize what a coward you are.

GOAL: Performers > 5, MIN(Pain)

Strangely enough, the resource-based planning system delivers the same plan
as the conventional planning system.

2.2 The Real Optimum

Shortly afterward, the first group of humans is caught and you decide to get them
to verify the planning system’s results. The three gawky simpletons believe your
promise to release them if they help you. After a while, they present you with a
plan of five sequential catch_only_one actions, which yields a plan duration of 10
hours, a 5 on the pain scale and 5 performers. This answer worries you as it
involves much less pain than the solution found by the planning system employed
to minimize your pain. Is human Al technology merely a way of undermining
the Orcs’ preordained dominance in the fine arts?

2.3 A Question of Relevance

You call the humans to account for the behavior of the planning system. They
reply that most resource-based planning systems consider only a limited number
of actions, increasing this number only if they are unable to produce a correct
plan, the primary optimization goal being plan length. If it is possible to pro-
duce a correct plan with a certain number of actions, optimization of other goal
properties can begin and plans with a larger number of actions are no longer con-
sidered. For your planning problem, the plan catch_a_group & catch_a_group
is the only correct plan with a minimal number of two actions, and thus also the
optimum with respect to any secondary optimization criterion.

Taking the number of actions or the plan length as the primary optimization
criterion seems a very academic approach to you and you wonder if it has any
relevance. You notice that the humans are becoming increasingly uncomfortable
when they start arguing that optimization of the plan’s duration is what is
needed in most cases. And the duration would be the same as the number of
actions. You no longer trust these humans and demand that they draw a picture
of the complete search space. The result does not improve the humans’ situation
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Fig. 1. The Search Space of the Orc Quest Example

because the plan with the shortest duration is different from the one involving
the minimal number of actions (see Figure ).

Luckily for the group of humans, your goal is a plan involving the minimal
amount of pain, and you reluctantly release the humans as promised because the
plan involving the minimal amount of pain does not entail catching a whole group
of humans. Somehow you feel dissatisfied at not having broken your promises.

3 The Nearby Wizard

A little bit later, it occurs to you that there is a wizard living nearby who
can prepare a magic potion that lessens the pain by one on the pain scale.
The drawback here is that the wizard is also very fond of humans because he
is in continual need of test persons to improve his miserable skills in casting
teleportation spells. Usually, then, he wants some humans in exchange for his
magic potion, which he calls “ethanol”.

You visit the wizard and explain your problem to him. He scratches his head,
walks around for a while deep in thought and finally says: “All right, this is what
we’ll do: T'll give you 11 phials of potion for every 10 humans that you promise
to bring to me.” You are not really sure how many phials you should take and
formalize this for your planning system as follows:

ACTION deliver_humans:
Duration += 1, Pain -= 11, Performers -= 10
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3.1 Plan-Length Bounds

The optimization problem without the deliver_humans action could have been
optimally solved by calculating an upper bound for the plan length and starting
the planning system with the requirement to consider only plans with a length
of this bound. A no_action action could be introduced to allow for plans that
are shorter than the length allowed by the bound. The bound is easy to calculate
because a plan’s Performers and Pain increase strictly monotonically with the
plan length, and after an application of 5 actions the goal condition for the
Performers is met anyway, and the Pain can only get worse for longer plans.

However, this simple way of calculating an upper bound is no longer applica-
ble with an action like deliver_humans that destroys the monotony. You think
about the new problem for a bit, but it is far too complex for an Orc. Lacking
a method to calculate the upper bound, you decide to run the planning system
with some random bounds for the plan length. Starting with a bound of 6, the
plan that consists of 5 times catch_only_one is returned. With a length of 7,
you still get this solution. You decide to raise the bound to 15, and ... wait. After
a long period, the solution is confirmed again. It seems to be the optimum, but
you test a bound of 30 just to be sure, and ... wait. After a while, the planning
system returns a different solution than before. Unfortunately, this solution is
beyond your comprehension and you are gradually overcome by the unpleasant
feeling that the suggested plan “out of memory” is just another feature of the
system designed to mislead helpless Orcs.

The wizard is quite astonished when you tell him that his offer would not
help you to improve your plan. You offer to demonstrate this with your planning
system, but he wants to try his own. Shortly afterward, he presents you with
a plan that entails no pain for you. The plan has a plan length of 60, and you
wonder how his system was able to return a solution that quickly.

3.2 A Question of Efficiency

“The wrong approach taken by your planning system,” the wizard starts to
explain, “is due to its focusing on qualitative problems, like the ancient blocks-
world domain. The only feature distinguishing solutions was the plan length,
and so everyone wanted to optimize this. A systematic exploration of the search
space along an increasing plan length is an obvious way of tackling this problem,
and such approaches are still at the heart of today’s planning systems, even
if the problems now involve optimization criteria that do not change strictly
monotonically with the plan length.”

In response to your questioningly look, he continues: “Your planning system
has a very strange way of exploring the search space.” He draws a small figure
on the ground (see Figure [2]).

“The plan-length optimization of your system,” the wizard explains, “tries to
verify that there is no valid solution for a certain plan length, and has to perform
a complete search for this length before being able to increase the plan length.
And even if you instruct it to begin with a certain length bound, it constructs
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the structures for the whole search space for this length, which is a pretty useless
approach for non-toy problems.

As you have already realized, the plan-length criterion is a poor guide for the
search because it has absolutely no relevance, so the search is rather like a random
search. It is much more convenient to explore the search space without being
bound to the plan length, as my planning system does. This allows us to perform
a goal-property-driven search by integrating domain knowledge. Searching in an
infinite search space means relying on powerful heuristics instead of being tied
to a method of exploration that is determined by an irrelevant criterion.”

3.3 Complexity

The wizard still sees a questioning look on the face in front of him, and he
heaves a sigh: “Are you wondering about the infinite search space? Our planning
problem is undecidable because it involves numbers with unpredictable bounds
— you can read up on this in [Erol, Nau & Subrahmanian 1991].”

Suddenly, while casting a light-the-candle spell the wizard’s apprentice van-
ishes in a big ball of fire. He had always been eager to try out this spell, but
was warned by the wizard about how dangerous it was. Now the apprentice had
been eavesdropping while you were talking with the wizard and had concluded
that the optimization of his life’s duration is also an undecidable problem, and
thus not worth considering.

The wizard shakes his head sadly: “Hardcore theorists! If a problem is un-
decidable, they hate to tackle it.” Just to be sure that you will not fall victim
to one of the wizard’s teleporation spells, you quickly put in: “I’'m not one of
them!” “No,” the wizard smiles, “Orcs don’t tend to be theorists anyway. But
perhaps this neglect of undecidable problems is the reason why for so long no
one dared to tackle problems other than plan-length optimization.”
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3.4 Decision-Theoretic Planning

The wizard invites you to dinner, and you gladly accept. A little while later, you
are sitting in a comfortable armchair with a jar of the wizard’s ethanol potion in
your hands. The time has come to ask where he got his planning system from.
The wizard’s potion seems to have a paralyzing effect on your tongue, but finally
you manage to put your question in reasonably comprehensible terms.

The wizard takes a while to answer and gives you an earnest look. Then
he raises his eyebrows meaningfully: “Have you heard of EXCALIBUR?” You are
seized with a shivering fit because EXCALIBUR is a popular name for swords used
by computer players’ avatars that generally enjoy tyrannizing harmless Orcs.

“No, no,” the wizard says appeasingly, “not the sword!” His voice takes on a
vibrant tone: “Did you ever consider the possibility that you are part of a com-
puter program and that your behavior is largely guided by a planning system?”
He pauses briefly to let you reflect on all this question’s implications. “Well,” he
continues, casting a thunderbolt to conjure up a more threatening atmosphere,
“what I mean is the EXCALIBUR Agent’s Planning System!” He lowers his voice:
“We are the agents. You understand?”

This sounds like one of those popular conspiracy theories. You are, however,
not particularly well versed in philosophy and already have difficulty explain-
ing why there are now two wizards and why all of the equipment in the room
is swaying curiously. “Please put off describing the system for now,” you say,
putting an end to this rather dubious discussion. “If resources are such a vital
component, why aren’t there other planning systems like the EXCALIBUR agent’s
planning system?”

“Well,” the wizards say, “I must admit that there have, of course, also been
other approaches at trying to focus on optimizing things other than plan length.
These are mostly subsumed under the term decision-theoretic planning. But
most of the research in this area aims to optimize probabilistic issues for rea-
soning under conditions of uncertainty (see [Boutilier, Dean & Hanks 1999] for
an overview). Although goals like maximizing probability to attain a goal can
also be interpreted as resource-related optimization (the probability being the
resource to be maximized), probability is usually considered to have only mono-
tonical features, i.e., a plan cannot have a higher probability of attaining the
goal than a subplan that also attains the goal. Your problem involving an action
like using a magic potion has no counterpart here.

But there are also resource-oriented planning systems that are able to handle
more complex problems, e.g., Williamson and Hanks’ PYRRHUS planning sys-
tem [Williamson & Hanks 1994] and Ephrati, Pollack and Milshtein’s A*-based
approach [Ephrati, Pollack & Milshtein 1996]. The difference between these and
the EXCALIBUR agent’s planning system is the conceptual approach.”

“Sorry, did you say A *? It’s funny that you should mention this term because
it sometimes comes mysteriously to mind — usually when I think about how to
get to a certain place. Do you know what it means?”

“Well, all it means is that the EXCALIBUR agent’s planning system has spe-
cialized heuristics for specific subtasks. Don’t worry about it! But — A* brings
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me directly to the point. The resource-oriented planning systems mentioned
above construct plans in a stepwise manner, e.g., action by action, and if they
fail, they go back to an earlier partial plan and try to elaborate this. In order to
choose a partial plan for an elaboration — called refinement — an upper bound
of the quality is computed for each partial plan. The plan that yields the highest
upper bound is chosen for elaboration. Sounds like a great concept, doesn’t?”

“Probably not — since you ask!” you reply and applaud loudly, impressed
by your own cleverness. The wizards continue: “Er, you’re right, the concept
is great for things like path finding, for which it is easy to determine bounds
because the actions can only add values. But for complex planning problems it
is not normally possible to calculate bounds on the quality value for a partial
plan. We spoke about the problems with bounds before. Does a single action like
building a trap for someone puts bounds on the total fun you will have?”

“Definitely not! Things can actually get worse!” you answer bad-temperedly,
“If T don’t take precautions, the person trapped may be a player’s avatar, and
then the world is usually reset to a former state only to build a trap for the
person who will build the trap.”

“Exactly,” the wizards continue, “The EXCALIBUR agent’s planning system
takes a different approach. It iteratively repairs complete grounded plans for
which a concrete quality can be determined. The repair methods can exploit the
quality information to improve the plan, e.g., by replacing a set of actions that
cause a loss in quality. This technique, based on local-search methods, is not
so — let’s say unfocused — with respect to the plan quality, and there is practi-
cally no restriction on the kind of objective function to be optimized (see also
[LILOG, Inc. 2000]). The ASPEN system [Chien_ef_al._2000/Rabidean_ef_al._T999]
is very similar to EXCALIBUR in this respect. To sum up, decision-theoretic plan-
ning is a very broad term, which, of course, also encompasses the EXCALIBUR
agent’s planning system.”

4 The EXCALIBUR Agent’s Planning System

“Let me give you an overview of the system”, the wizards say. “Please consult
the references that I'll give in the following for a more detailed description of
the individual techniques.

4.1 Model Structures

In EXCALIBUR, a planning problem is formulated as a constraint satisfaction
problem (CSP). A constraint is a test that checks a specific relation between
certain variables. For example, the constraint EQUALS can check the equality
between two variables. If all of a problem’s constraints are fulfilled (or satisfied or
consistent, terms also used here), the variable’s values constitute a valid solution
to the problem. A CSP specifies which constraints and variables exist and how
the variables are related by which constraints. Where the planning model is
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mentioned in the following, this refers to the CSP used to specify the planning
problem.

The planning model focuses on resources. A resource is a temporal projection
of a specific property’s state, which may be subject to constraints such as pre-
conditions and changes. Numerical as well as symbolic properties are uniformly
treated as resources. For example, a battery’s POWER is a resource, but the PAIN
you experience and a DOOR are, too:

PowEeRr is [ 0: t € [0..5] , 10— 0.75 x t: t € [6..13] , 0: t € [14..00[ ],
PAalNis [0: t € [0..1] , 1: ¢ € [2..00[ ],
DoOOR is [ OPEN: ¢t € [0..45] , CLOSED: ¢ € [46..60] , UNKNOWN: ¢ € [61..00[ |.”

“Why do you call them resources if they are merely state variables that
can also have a numerical domain?” you ask. “The term resource,” the wizards
explain, “is a term commonly used in the constraint programming (CP) and OR
community. If you prefer the terms state variable or fluent, then use these instead.
For the planning model, we use the term resources because of the system’s close
relation to applications for resource allocation/optimization.

Figure @ shows an example that informally illustrates the planning model’s
basic elements. Figure H] gives an overview of the formal CSP representation;
it does not show the CSP itself, but it does indicate possible relations between
constraint types and variables for the planning CSP. The CSP itself can include
multiple instances of the constraints and variables shown. Only some of the
constraints are discussed here. For a more detailed description, please refer to
[Nareyek 2000].

Oops, sorry, I forgot to tell you what the elements of Figure @] mean. A
variable is depicted by a circle, a constraint by a rectangle. Arrows are used
to connect variables to constraints. The role/position of a variable within a
constraint can be expressed by an arrow’s label and direction.

In addition, there are special types of constraints — so-called object con-
straints — that do not check the variables’ values, but provide structural con-
text information. For example, it must be known which two Begin and FEnd
variables together form an ACTION TASK. Otherwise, an ACTION RESOURCE
CONSTRAINT designed to check if the connected ACTION TASKs overlap might
combine Begin and End variables of different ACTION TAsks for the check.
Object constraints are represented by a rectangle with a dashed outline.

An action (e.g., eating a peanut) consists of a set of different preconditions
that must be satisfied (e.g., that the agent has an peanut), operations that the
agent has to perform (e.g., the mouth’s operations) and resulting state changes
(e.g., the agent’s hunger being satisfied). These elements are represented by tasks,
i.e., there are PRECONDITION TASKs for precondition tests, ACTION TASKs for
operations and STATE TASKs for state changes. The tasks are collections of
variables, e.g., temporal variables that determine the beginning and end of the
tasks, or variables that specify how a state’s properties are changed by the
action. For example, an action catch_a_group includes a STATE TASK that has
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a Contribution variable with a value of 4, which represents the resulting increase
in pain.

AcTiON RESOURCE CONSTRAINTS ensure that the agent has enough capacity
to carry out the operations that are needed to execute the plan’s actions. The
ACTION RESOURCE CONSTRAINT correlates ACTION TASKs and ensures that
the tasks do not overlap. For your problem, we need only a general ORC ACTION
RESOURCE CONSTRAINT, as there is no further refinement regarding your hands,
feet, mouth or whatever. The ORC ACTION RESOURCE CONSTRAINT can be
linked to ACTION TAsks with a duration of 2 hours (if the task’s Operation
variable has the value catch_only_one), 5 hours (for a value of catch_a_group)
and 1 hour (for a value of deliver_humans).

A STATE RESOURCE CONSTRAINT temporally projects the state of a specific
environment property and checks if the plan’s related preconditions are satisfied.
The constraint relates (via a STATE RESOURCE) STATE TAsKs that cause the
change in the property’s state and PRECONDITION TASKs that specify the tests.
For your problem, we need two STATE RESOURCE CONSTRAINTs, PAIN and
PERFORMERS, that support discrete numerical domains and integrate STATE
Tasks by adding their pain/performers values. For example, the PAIN STATE
RESOURCE CONSTRAINT’s projection of your pain will be increased by 4 if a
STATE TASK that has a Contribution variable with a value of 4 is connected.
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A Task CONSTRAINT represents an action by specifying a relation between
PRECONDITION TASKs, ACTION TASKs and/or STATE TASKs. It ensures that
the connected tasks represent a valid action by enforcing a certain task config-
uration (i.e., the constraint specifies which tasks are to be related to the TASK
CONSTRAINT and what kind of restrictions apply to the tasks’ variables). For
your problem, four different configurations satisfy a TASK CONSTRAINT. These
express the three actions catch_only_one, catch_a_group and deliver_humans,
each of them having an ACTION TAsSK for the ORC ACTION RESOURCE CON-
STRAINT, a STATE TASK for the PAIN STATE RESOURCE CONSTRAINT and a
STATE TASK for the PERFORMERS STATE RESOURCE CONSTRAINT. A fourth
configuration consists of a PRECONDITION TASK for the PERFORMERS STATE
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RESOURCE CONSTRAINT to establish the satisfaction goal Performers > 5. In
addition, the TASK CONSTRAINT requires that its tasks’ variables have the ap-
propriate values (e.g., if the TaAsk CONSTRAINT’s ActionType variable has a
value of catch-a_group, a value of 4 is required for the Contribution variable
of the STATE TAsSK that is to be connected to the PAIN STATE RESOURCE
CONSTRAINT).

Because it is not required for your example, I will not detail the role of
constraints like OBJECTs, EXISTENCE CONSTRAINTS, SENSOR CONSTRAINTS,
etc. These are needed to realize an open-world planning in which the type and
number of the world’s objects is not known in advance and can change without
any action on the part of the agent.

You may have noticed that the constraints are not typical low-level con-
straints such as LESS or EQUALS. Indeed, a key aspect of the EXCALIBUR agent’s
planning system is the use of so-called global constraints. A global constraint is
a substitute for a set of lower-level constraints, additional domain knowledge
allowing the application of specialized data representations and algorithms to
guide and accelerate search. Global constraints are very important for speeding
up search, and the success of commercial constraint programming tools like the
ILOG Scheduler [Le Pape 1994] can be ascribed mainly to their use of global
constraints.

4.2 Structural Constraints

If constraint programming is to be applied to planning, we face the problem that
conventional formulations for constraint satisfaction problems are too restrictive
because all the elements and their relations have to be specified in advance,
e.g., that exactly five ACTION TASKs would be related to the ORC ACTION
RESOURCE CONSTRAINT. But possible plans can be structurally very different
and require different underlying CSPs, e.g., CSPs with five, six or seven ACTION
Tasks that are related to the ORC constraint. Of course, it is possible to create a
maximal CSP that incorporates all possible structures as subproblems, which is
similar to what most resource-based planning systems do with their plan-length
bounds. But the problem here is that maximal structures scale very badly and
are only feasible for small and only slightly variable structures, which is not the
case with planning problems. And as we don’t want to be restricted to plans of
a certain length, this is not an option. Thus, an extension of CSP formulations
must be used that includes the search problem for the CSP structure and is not
tied to a special procedure like an extension along an increasing plan length.

A so-called structural constraint satisfaction problem (SCSP) can be used
to overcome these deficiencies. In an SCSP, the constraint graph is not explic-
itly given. Only the types of constraints (together with their possible relations)
and a set of structural constraints that restrict certain graph constellations are
specified. A solution to the constraint problem is a constraint graph with an ar-
bitrary number of variables, conventional (or object) constraints and connecting
arrows, such that the graph and the variable assignments not only satisfy the
conventional constraints (such as an ACTION RESOURCE CONSTRAINT) but also
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the structural constraints. The formalism is based on algebraic graph grammars
[Rozenberg 1997].

Figure [Bl shows an example of a structural constraint that checks if every
ACTION TASK is linked to an ACTION RESOURCE CONSTRAINT with the same
Resource Type variable. This prevents invalid ACTION TASK assignments, e.g.,
the ACTION TASK of walking being scheduled by the ACTION RESOURCE CON-
STRAINT of the mouth. If the left-hand side of a structural constraint matches
the constraint graph at some point, one of its right-hand sides (only one in the
figure) has to match, too. For more details on structural constraints and SCSPs,
please refer to [Nareyek 1999a] and |Nareyek 1999b]. A complete description of
the structural constraints required for planning can be found in [Nareyek 2000].

e

| ActionResourceConstraint |ex ActionTask 5:1

e f

SactionTask > ResourceType ResourceType

Fig. 5. The Structural Constraint ACTION TASK

The SCSP formulation is used to automatically derive rules/productions that
can be applied to change the constraint graph during search. Thus, the search
for valid variable assignments and for a valid graph structure can be seamlessly
integrated.

But we have only talked about the specification of planning problems. Now
I’'m going to tell you how local search is used to find a solution to the problem.”

4.3 Local Search

“Local search?” you say rather disdainfully because you have read somewhere
that local search is something quite unscientific. Luckily, the annoyed wizard
realizes that you are at present the only person he has to talk to (the other
wizard appears to have left, presumably to get more of the great ethanol potion)
and abstains from casting a teleportation spell on you to remedy the situation.
“As T already mentioned,” he resumes, “we have an undecidable/infinite search
space where we can neither find all solutions nor verify that no solution exists.
So the advantages of complete refinement search can’t be exploited. On the other
hand, the fact that local search is an anytime algorithm and that the techniques
are not normally affected by dynamic changes in the search space make local
search the ideal candidate for the computer-games domain. We live in a highly
dynamic world and must react in real time!”

To cover up your previous faux pas, you grunt in assent. The wizard gives you
a rather disconcerted look, but quickly collects himself and continues: “Another
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advantage of local search is that it is inherently a partial constraint satisfaction
[Ereuder & Wallace 1992]. This means that it is possible to find reasonable plans
even if the problem is over-constrained, i.e., if it is not possible to create a
fully correct plan. An extension of refinement search to handle partial constraint
satisfaction would be much more inefficient, as the search space grows vastly.

Let’s move on to how local search is accomplished. Local search means that
there is always a complete assignment for the variables, and this assignment
is iteratively changed toward a satisfactory/optimal solution. The quality of a
current solution is measured by a so-called objective function. In contrast to an
off-line refinement search, the iterative repair/improvement steps of local search
make it possible to easily interleave sensing, planning and execution. After each
single repair step, which can usually be computed very quickly, the planning
process can involve changes in the situation (see Figure [B).

Real World
External
Events
‘ Virtual Plan World
World Sensors . Adjust
State Plan
Execute _  Action Resources Plan (i.e.,
Actions Constraint
Graph)
Choose  __|
Plan Repair

Fig. 6. Interleaving Sensing, Planning and Execution

The approach of [Nareyek 2001] is applied in the EXCALIBUR agent’s planning
system, which focuses the constraints to cause plan improvements. Each type
of constraint can have a constraint-specific cost and goal function. Using the
cost function, a constraint computes its inconsistency value, which expresses the
degree of misassignment of the related variables. In connection with structural
constraint satisfaction, invalid graph structures can also be penalized by the cost
function (see [Nareyek 1999b]). Using the goal function, a constraint computes
a preference value, which is used for optimization purposes.
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For your problem, the PERFORMERS constraint’s cost function is initialized
to return the current plan’s number of missing performers (to satisfy the PRE-
CONDITION TASK of a TASK CONSTRAINT with an ActionType variable that
represents the TASK CONSTRAINT’s fourth configuration), the PAIN constraint’s
goal function to return the plan’s resulting pain, and the ORC constraint’s goal
function to return the plan’s total duration.

In addition, a constraint has constraint-specific heuristics that can change the
values of the variables involved in order to reduce the constraint’s inconsistency
or improve its goal function value, e.g., changing a Begin variable to move a task
to a better position in time. Domain-specific knowledge can be incorporated into
the heuristics. In connection with structural constraint satisfaction, constraints
can also use productions to change the graph in order to make an improvement,
e.g., to add resources or actions. Thus, the search proceeds through a space
consisting of complete but not necessarily optimal or correct plans.

4.4 The Constraints’ Heuristics

Your problem does not require an application of sophisticated heuristics. The
improvement heuristics can be the same for the PERFORMERS, PAIN and ORC

constraint. To change the plan (i.e., the CSP), there are six modification alter-
native:

— add a catch_only_one TASK CONSTRAINT

— delete a catch_only_one TASK CONSTRAINT
— add a catch_a_group TASK CONSTRAINT

— delete a catch_a_group TASK CONSTRAINT
— add a deliver_humans TASK CONSTRAINT
— delete a deliver_humans TASK CONSTRAINT

For all six decision alternatives, there is a constraint-internal value that rep-
resents the preference for this alternative. All preference values are initially set
to 1. If a constraint is called to effect an improvement of the plan, it increases an
alternative’s value by one if this alternative was chosen by the constraint’s last
improvement decision and the constraint’s goal-/cost-function value is now bet-
ter than the last time the constraint was called. If the goal-/cost-function value
has deteriorated or is the same as last time, the preference value is decreased
by two. Each time there is a consecutive deterioration, the decrease is doubled.
However, no preference value can fall below one. Then, an alternative is chosen
with a probability that is proportional to the alternative’s preference value.

Let me illustrate the heuristic using the PAIN STATE RESOURCE CON-
STRAINT. Consider a situation in which the current plan consists of 5 catch_on-
ly_one actions (C1A), 10 catch_a_group actions (CGA) and 3 deliver_humans
actions (DHA) and the PAIN constraint is chosen to perform a plan improvement
(see Situation 1 in Figure [1]).

3 A Task CONSTRAINT is always added/deleted together with its required tasks.
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Current Plan Pain State Resource Constraint
Goal Preference Values
Function
#C1A #CGA #DHA Value  +C1A -C1A +CGA -CGA +DHA -DHA Penalty
Situation1_— o 5 4 12 1 2 1 3 3 1 2
1 2 1 3 4 1 2
select +DHA
5 10 4
i ion 2
Situation2_ o, 4 17 1 2 1 3 4 A 2
1 2 1 3 2 1 4
select +DHA
5 14 5
Situation 3 8 16 5 17 1 2 1 3 2 1 4
1 2 1 3 1 1 8
select -CGA
8 15 5
Situationd_ 1 15 5 16 1 2 1 3 1 1 8
1 2 1 4 1 1 2

Fig. 7. The Heuristic of the PAIN STATE RESOURCE CONSTRAINT

The PAIN constraint’s goal function calculates the sum of the Contribution
variables of the linked STATE TASKs. There are currently 5 linked STATE TASKs
with a Contribution of 1, 10 with a Contribution of 4, and 3 with a Contribution
of -11. Thus, the constraint’s goal function has a value of 5x1+10x4+3x (—11) =
12. The current preference values of the constraint are given in Figure[d (“+”
means addition and “-” means deletion).

Let’s assume that the constraint’s goal function value is now better than the
last time the constraint was called and that the constraint’s last improvement
decision was to add a deliver_humans action. Accordingly, this decision’s pref-
erence value is rewarded by increasing it by one (next line in Figure [7]). Next, an
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alternative to improve the current situation is selected. The choice probability
for the +DHA option is the highest (preference value divided by the sum of all
preference values; 4/12 = 33%), and we assume that this alternative is chosen.
The plan/CSP is changed according to this option.

After some iterations, the PAIN constraint can be called again (see Situation
2 in Figure [[). In the meantime, the plan has been changed and some more
catch_a group actions are added. The PAIN constraint’s goal function value has
deteriorated since the last time the constraint was called and its last decision’s
preference value is therefore decreased by the penalty value of 2. In addition, the
penalty value is doubled. The choice probability for the +DHA option is now
only 2/10 = 20%, but we assume that this alternative is chosen again. The plan
is changed according to this option.

After some time, the PAIN constraint is called once more (Situation 3). The
constraint’s goal function value is the same as at the last call. Stagnation is
considered to be as bad as deterioration, and the +DHA option’s preference
value is therefore decreased by the penalty value of 4, and the penalty value is
doubled again. However, the +DHA preference value is increased to its minimum
of 1 to ensure that the option retains a chance of being chosen. We assume that
the -CGA alternative is chosen this time (probability of 3/9 = 33%). The plan
is changed according to this option.

At the next call of the PAIN constraint (Situation 4), the constraint’s goal
function value has improved, and so, the -CGA preference value is increased and
the penalty value is set back to 2.

4.5 The Global Search Control

As described above, global constraints have integrated heuristics to enable them
to choose a successor state on their own. For each iteration of local search,
a so-called global search control selects the constraint that is to perform the
change. The choice depends on the constraints’ cost and goal function values
and implements the goal criteria.

The cost and goal functions may compete such that an improvement of one
function value may lead to a deterioration in the other function value. Thus,
various options for the selection of a function for improvement are customizable,
e.g., alternating phases of a predefined length or with special abort criteria, or
a general cost measure consisting of the addition of the single function values
multiplied by static (or even variable) coefficients. A constraint that is selected
for improvement is told whether to improve its goal or its cost function.

For your problem, within the global search control, we will always choose the
PERFORMERS constraint to perform an improvement if the plan does not yield
at least 5 performers. Otherwise, if the plan yields any pain, we’ll choose the
PAIN constraint. If we have a plan with enough performers and no pain, we’ll
choose the ORC constraint to help shorten the plan. Thereby, we can realize a
search that has the performers criterion as satisfaction goal, the pain criterion
as the primary optimization goal and the duration criterion as the secondary
optimization goal.
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The global search control also serves as a general manager, which variables
and constraints can dock on to and off from in a plug-and-play manner. This is
necessary if the constraint graph is changed by heuristics that make structural
changes and it provides a simple mechanism for tackling problems that involve
dynamic changes.

We'll initialize the search process with a CSP that includes the PERFORMERS,
PAIN and ORC constraint and a TASK CONSTRAINT with an ActionType vari-
able that represents the TASK CONSTRAINT’s fourth configuration (to establish
the satisfaction goal Performers > 5). The STATE RESOURCE CONSTRAINTS
PERFORMERS and PAIN are initialized with CurrentState values of 0.

During search, the structural constraints have to be enforced in the same
way as the other constraints. But if one can prove that the potential changes
in the constraints’ heuristics cannot violate any structural constraints, this can
be skipped. For example, the additions/deletions of actions in our constraints’
decision alternatives can easily be performed in a way that do not threaten
structural constraints.

4.6 Solving the Orc Quest Problem

If you now start the planning system, you will quickly obtain the shortest possible
plan that results in no pain for you (55 times catch_ only one and 5 times
deliver_humans, which yields a plan duration of 115 hours, a 0 on the pain
scale and 5 performers). Figure[8 shows the temporal distribution for 100,000
test runs with different random seeds (e.g., after 1,000 improvement iterations,
100 % of the test runs found a plan that yields enough performers, 94 % of the
test runs found a plan that yields enough performers and no pain, and 41 %
of the test runs found the shortest plan that yields enough performers and no
pain).”

“That looks nice,” you comment, “but what about a comparison with other
planning systems?” The wizard shakes his head: “Don’t you remember the prob-
lems you had? The other systems will either come up with the plan that pri-
marily minimizes the plan length (catch_a_group & catch_a_group) or require
a bound for the plan length. If we cheat in favor of the other planning systems
and provide the information that the optimal length bound is 60 actions, an
encoding according to CPlan [Van Beek & Chen 1999 of this simple problem
would require 129,600 variabled] — not to speak of constraints! Even the time
required to create a list of these domain variables (tested with CHIP, which
is a state-of-the-art constraint programming system) is longer than any of the
test runs in Figure[§ needed to compute the optimal plan. However, we actually
cheated in favor of CPlan by providing the optimal length bound. In general, the
comparison is not a quantitative question of speed but a qualitative question of
capability to find the optimum.

4 60 steps x (duration domain 60 x 6 4 pain domain 60 X 16 + performers domain
60 x 14) = 129,600.
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Fig. 8. Test-Run Results for the Orc Quest Example

However, if you insist on quantitative results, we can start to improve the
constraints’ heuristics. As I said, domain-dependent knowledge can easily be
integrated. The heuristics are quite general so far and don’t make much use of
your specific problem’s characteristics. For example, we could improve the PAIN
constraint by paying more attention keeping the same number of performers if an
option to reduce the pain is chosen. For this purpose, three additional catch_on-
ly_one actions can be added if the option to delete a catch_a_group action is
chosen. In the same way, the number of performers can be replenished by adding
catch_only_one and catch_a_group actions (partitioning them according to the
preference values) if the option of adding a deliver_humans action is chosen.
Even such simple modifications make it possible to reduce execution times by
20 % (compared to the results in Figure [§)). However, the selection mechanisms
involved can also be improved. For example, if the constraint-internal choice of a
modification option is changed, such that the option with the highest preference
value is chosen (instead of making a choice based on a probabilistic distribution),

a further reduction of 20 % can be achieved.

5 Related Work and Conclusion

I have explained the approach of the EXCALIBUR agent’s planning system. Your
problem was a very simple one but it allowed me to outline the system’s basic
features and show why existing approaches are not able to handle it adequately.
Specialized ACTION and STATE RESOURCE CONSTRAINTs were applied to your
problem — of course, for more sophisticated problems involving precondition re-
quirements and temporal aspects, more general versions must be available. More
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general / domain-independent versions of the planning model’s constraints have
already been developed and successfully tested on problems like the Logistics
Domain. The constraints’ heuristics also include operations that take into ac-
count the temporal distribution, like temporally shifting tasks to more suitable
time points. Figure [0] shows run-time distributions for some simple problems of
the AIPS-2000 planning competition (Track 2). I will report on this in more
detail soon.

100%
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Fig. 9. Run-Time Distributions for the Logistics Domain

For planning problems that involve resource constraints, some planning
systems keep planning and resource allocation separate, e.g., the approach of
[Srivastava & Kambhampati 1999] and the parcPLAN system by
[El-Kholy & Richards 1996]. The separation of planning and resource alloca-
tion prevents the systems from considering interactions between the decisions
with respect to planning and resource assignment, which is a great disadvantage
if resource-related properties are to be optimized. Consequently, the resources
serve only as constraints for the planning problem and are not used as primary
optimization goals. The same applies to resource-based planning systems that
integrate planning and resource allocation, like O-Plan2 [Drabble & Tate 1994],
IxTeT |[Laborie & Ghallab 1995, the LPSAT engine’s application to planning
[Wolfman & Weld 1999] and IPP’s extension [Koehler 1998]. All of these focus
primarily on optimization of the plan length, which is a rather curious approach
as this property is usually irrelevant.

Resource-based planning systems that are based entirely on general search
frameworks like CP or OR require bounds for the plan length or the number of
actions. If a correct plan cannot be found, these bounds can be expanded. Some
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examples here are the OR-based approach of [Bockmayr & Dimopoulos 1998],
ILP-PLAN [Kautz & Walser 1999, CPlan [Van Beck & Chen 1999] and the ap-
proach of [Rintanen & Jungholt 1999]. Again, these systems primarily optimize
the plan-length property. An optimum with respect to resource-related optimiza-
tion goals can only be found if the initial bound can be set such that the optimal
solution is guaranteed to lie within this bound. This is a very hard task for
specific problems and impossible at a general level. Besides, creating the max-
imal structures for the search space is much too costly for complex real-world
problems.”

“What do you mean by real world?” you put in doubtfully. The wizard quickly
corrects himself: “Sorry, I meant of course: for complex virtual-world problems.

Most planning systems use highly specific representations and algorithms,
which makes it very hard to integrate new features like reasoning about re-
sources. Unlike these planning formalisms, the EXCALIBUR agent’s planning sys-
tem is based on the general search framework of constraint programming. In
contrast to other general search frameworks such as propositional satisfiability
(SAT) and OR (i.e., integer linear programming), the CP framework allows the
use of higher-level constraints. The propositional clauses of SAT and the lin-
ear inequations of OR can’t exploit higher-level domain knowledge to support
search. Besides, the SAT approach doesn’t have numbers in its representation
repertoire. Another reason for not using OR is that there are lots of planning de-
cisions with discrete alternatives, and the performance of OR methods declines
sharply as the number of integer variables increases.

The concept of using global constraints for local search was applied,
which enables us to integrate domain-dependent knowledge using the global
constraints in a plug-and-play manner. As the search space is undecidable,
this heuristic knowledge is essential to guide and accelerate search. Other lo-
cal search approaches to planning, like SATPLAN [Kautz & Selman 1996], GPG
[Gerevini & Serina 1999] and LPSP [Brafman & Hoos 1999], do not use domain-
dependent knowledge. The closest relative to the EXCALIBUR agent’s planning is
the ASPEN system [Chien et al. 2000/Rabideau ef. al. 1999]@. This system uses
local search for resource-restricted planning problems in a similar way. However,
the sensing and handling of an open world is somewhat limited and the system
is not based on a general search framework like constraint programming.

To make the search independent of the focus on plan length, the paradigm
of structural constraint satisfaction was used. This extension allows the search
to make all possible kinds of changes in the constraint graph during the search
process — not only after the current graph has been completely searched, and
not only along an increasing plan length. Unlike other planning systems that use
productions/rules to change the plan as part of the search (e.g.,
[Ambite & Knoblock 1997]), modeling planning as an SCSP allows us to specify
the problem in a declarative manner and enables the corresponding productions
to be deduced automatically. The automatic method guarantees that local-search

5 See also other articles in this book.



76 A. Nareyek

methods can potentially find all valid plans, which is not normally the case with
manual solutions.

The planning model of the EXCALIBUR agent’s planning system borrows from
typical constraint-based applications for resource allocation/optimization. The
power of global constraints for constraint-specific representation and reasoning
mechanisms for specific resource types was recognized here very early on and led
to significant speedups in the solution process. General frameworks for planning
and scheduling like HSTS [Muscettola 1994] lack such specialized representation
and reasoning capabilities.

In conclusion, we can say that the EXCALIBUR agent’s planning system con-
ducts the search in a way that focuses on the optimization of resource-related
properties. Even though the model supports full domain-independent planning,
domain-specific heuristic knowledge can easily be integrated. The local search
approach enables the system to provide very primitive plans (reactions) for short-
term computation horizons, while longer computation times are used to improve
and optimize the agent’s behavior. The system’s properties make it perfectly
suitable for the application domain of computer games. Not only genres like com-
puter role-playing games and strategy games can benefit from this. For games
like first-person shooters, too, increasing efforts are being made to include a
sophisticated behavior for their bots.”

The wizard appears to have no more to say, so you chip in with a comment
designed to keep him talking until you have drained your jar: “I’ve heard of
something called hierarchical planning.” Obviously, you've struck it lucky be-
cause the wizard answers gleefully: “Now that’s interesting! The hierarchical
planning approach has some features in common with the EXCALIBUR agent’s
planning system. Hierarchical planning is not bound to the plan length either
and is also a kind of heuristic search. But the refinement hierarchy is usually
created manually and rarely has the potential to construct every possible solu-
tion. Actually, I'm confident that the EXCALIBUR agent’s planning system will
soon be extended by hierarchical planning mechanisms. The hierarchy would set
a general heuristic direction, allowing the iterative repair to vary the plan as
needed.”

Just as you are about to leave the wizard to set off on your hunt for humans,
you have the sudden inspiration that more information on the underlying EX-
CALIBUR project is available at:

http://www.ai-center.com/projects/excalibur/

You have no idea what brought this on or what it means and put it down to an
undocumented subfunction of your behavior program, triggered by the approach
of the acknowledgments.
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Abstract. Local search has been proposed as a means of responding
to changes in problem context requiring replanning. Iterative repair and
iterative improvement have desirable properties of preference for plan
stability (e.g., non-disruption, minimizing change), and have performed
well in a number of practical applications. However, there has been little
real empirical evidence to support this case. This paper focuses on the
use of local search to support a continuous planning process (e.g., contin-
uously replanning to account for problem changes) as is appropriate for
autonomous spacecraft control. We describe results from ongoing empir-
ical tests using the CASPER system to evaluate the effectiveness of local
search to replanning using a number of spacecraft scenario simulations
including landed operations on a comet and rover operations.

1 Introduction

In recent years Galileo, Clementine, Mars Pathfinder, Lunar Prospector, and
Cassini have all demonstrated a new range of robotic missions to explore our
solar system. However, complex missions still require large teams of highly knowl-
edgeable personnel working around the clock to generate and validate spacecraft
command sequences. Increasing knowledge of our Earth, our planetary system,
and our universe challenges NASA to fly large numbers of ambitious missions,
while fiscal realities require doing so with budgets far smaller than in the past.
In this climate, the automation of spacecraft commanding becomes an endeavor
of crucial importance.

Automated planning is a key enabling technology for autonomous spacecraft.
Recent experiences indicate the promise of planning and scheduling technol-
ogy for space operations. Use of the DATA-CHASER automated planning and
scheduling system (DCAPS) to command the DATA-CHASER shuttle payload
reduced commanding-related mission operations effort by 80% and increased
science return by 40% over manually generated sequences [1]. This increase was
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possible because short turn-around times (approximately 6 hours) imposed by
operations constraints did not allow for lengthy, manual optimization. And the
Remote Agent Experiment [2] demonstrated the feasibility of flying AI software
(including a planner) to control a spacecraft.

Local iterative algorithms have been successfully applied to planning and
scheduling [TBJ45] for a wide range of space applications. Local iterative repair
has been proposed as a means of providing a fast replanning capability to en-
able response to environmental changes [6/7]. This paper describes an empirical
evaluation of the effectiveness of local search in such a replanning context.

The remainder of this paper is organized as follows. First, we briefly describe
our approach to local iterative repair. Next we describe how it is applied in a
replanning context. We then describe a Comet Nucleus Sample Return (CNSR)
scenario and simulation and empirical tests evaluating the effectiveness of local
search in finding solutions. Finally, we describe future work, related work and
conclusions.

2 Plan Conflicts and Repair

We now describe the overall approach to iterative repair planning and scheduling
in the ASPEN system [5l8]. The ASPEN planning and scheduling system is able
to represent a wide range of constraints including:

e Finite enumeration state requirements and changers (e.g., camera ON, OFF);

e Depletable (e.g., fuel) and non-depletable (e.g., 20W power) resource con-
straints;

e Task decompositions (e.g., Hierarchical Task Networks);

e Complex functional relationships between activity parameters (e.g., downlink
time is data/rate + startup); and

e Metric time constraints (e.g., calibrate the camera 20-30s before the observa-
tion).

ASPEN supports a suite of search engines to support integrated planning and
scheduling to produce activity plans that satisfy the constraints. The remainder
of this section briefly outlines the most commonly used search strategy - local
iterative repair.

We define a conflict as a particular class of ways to violate a plan constraint
(e.g., over-use of a resource or an illegal state transition). For each conflict type,
there is a set of repair methods. The search space consists of all possible repair
methods applied to all possible conflicts in all possible orders. We describe an
efficient approach to searching this space. During iterative repair, the conflicts
in the schedule are detected and addressed one at a time until no conflicts exist,
or a user-defined time limit has been exceeded. A conflict is a violation of a pa-
rameter dependency, temporal or resource constraint. Conflicts can be repaired
by means of several predefined methods. The repair methods are: moving an
activity, adding a new instance of an activity, deleting an activity, detailing an
activity, abstracting an activity, making a reservation of an activity, canceling
a reservation, connecting a temporal constraint, disconnecting a constraint, and
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changing a parameter value. The repair algorithm first selects a conflict to re-
pair then selects repair method. The type of conflict being resolved determines
which methods can repair the conflict. Depending on the selected method, the
algorithm may need to make additional decisions. For example, when moving an
activity, the algorithm must select a new start time for the activity.

Note that resolving a conflict may cause another conflict so that complete
resolution of a set of similar conflicts may require several steps. For example, dis-
connecting a violated temporal constraint would remove the temporal constraint
violation but would introduce a new unconnected temporal constraint conflict.
This would then be resolved by creating a new activity and linking in or by
linking to an existing activity that correctly satisfies the temporal constraint.
Likewise many conflicts can be resolved by abstracting the offending activity.
However this causes an undetailed activity conflict and requires re-expansion of
the abstract activity. The abstract activity can then be detailed again in a way
that perhaps avoids the original conflict(s).

Figure [l shows an example situation for repair. On-board RAM is repre-
sented as a depletable resource. The shaded region shows a conflict where the
RAM buffer has been oversubscribed. The science activities using the resource
prior to the conflict are considered contributors. Moving or deleting one of the
contributors can repair the conflict. Another possibility would be to create a new
downlink activity in order to replenish the resource and repair the conflict.

Fig. 1. Repairing a depletable resource conflict. The arrows show time intervals that
resolve the conflict by a) moving a positive contributor or b) adding a negative con-
tributor.

3 Integrating Planning and Execution

Traditionally, planning and scheduling research has focused on a batch formu-
lation of the problem. In this approach, when addressing an ongoing planning
problem, time is divided up into a number of planning horizons, each of which
lasts for a significant period of time. When one nears the end of the current
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horizon, one projects what the state will be at the end of the execution of the
current plan (see Figure[d). The planner is invoked with: a new set of goals for
the new horizon, the expected initial state for the new horizon, and the plan-
ner generates a plan for the new horizon. As an exemplar of this approach, the
Remote Agent Experiment operated in this fashion [9].

Plan for
next horizon

Plan for
next horizon

Fig. 2. Traditional Batch “Plan then Execute” Cycle

This approach has a number of drawbacks. In this batch oriented mode,
typically planning is considered an off-line process which requires considerable
computational effort and there is a significant delay from the time the planner
is invoked to the time that the planner produces a new plan. If a negative
event occurs (e.g., a plan failure), the response time until a new plan may be
significant. During this period the system being controlled must be operated
appropriately without planner guidance. If a positive event occurs (e.g., a for-
tuitous opportunity, such as activities finishing early), again the response time
may be significant. If the opportunity is short lived, the system must be able to
take advantage of such opportunities without a new plan (because of the delay
in generating a new plan). Finally, because the planning process may need to
be initiated significantly before the end of the current planning horizon, it may
be difficult to project what the state will be when the current plan execution is
complete. If the projection is wrong the plan may have difficulty.

To achieve a higher level of responsiveness in a dynamic planning situa-
tion, we utilize a continuous planning approach and have implemented a system
called CASPER (for Continuous Activity Scheduling Planning Execution and
Replanning). Rather than considering planning a batch process in which a plan-

! As a data point, the planner for the Remote Agent Experiment (RAX) flying on-
board the New Millennium Deep Space One mission [9] takes approximately 4 hours
to produce a 3 day operations plan. RAX is running on a 25 MHz RAD 6000 flight
processor and uses roughly 25% of the CPU processing power. While this is a signifi-
cant improvement over waiting for ground intervention, making the planning process
even more responsive (e.g., on a time scale of seconds or tens of seconds) to changes
in the operations context, would increase the overall time for which the spacecraft
has a consistent plan. As long as a consistent plan exists, the spacecraft can keep
busy working on the requested goals and hence may be able to achieve more science
goals.
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ner is presented with goals and an initial state, the planner has a current goal
set, a plan, a current state, and a model of the expected future state. At any time
an incremental update to the goals, current state, or planning horizon (at much
smaller time increments than batch planning)@ may update the current state of
the plan and thereby invoke the planner process. This update may be an unex-
pected event or simply time progressing forward. The planner is then responsible
for maintaining a consistent, satisficing plan with the most current information.
This current plan and projection is the planner’s estimation as to what it expects
to happen in the world if things go as expected. However, since things rarely go
exactly as expected, the planner stands ready to continually modify the plan.
From the point of view of the planner, in each cycle the following occurs:

e changes to the goals and the initial state first posted to the plan,

o effects of these changes are propagated through the current plan projections
(includes conflict identification)

e plan repair algorithmsﬁ are invoked to remove conflicts and make the plan
appropriate for the current state and goals.

This approach is shown in below in Figure Bl

Fig. 3. Continuous Planning Incremental Plan Extension

At each step, the plan is created by using incremental replanning from:

the portion of the old plan for the current planning horizon;

the change (A) in the goals relevant for the new planning horizon;
the change (A) in the state; and

the new (extended) planning horizon.

2 For the spacecraft control domain we are envisaging an update rate on the order of
tens of seconds real time.

3 In this paper we do not focus on the state/resource representation or the repair
methods, for details see (Rabideau et al. 1999).
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The key assumption of this approach is the belief that:

IF
the change in the goals is small (A goals small)
and the change in state is small (A state small)
THEN
the change in the plan required to bring the plan consistent with the
state and goals will be small (A plan small).

Of course, there is no guarantee that this hypothesis will be met. Indeed,
if the goals in the domain are highly interacting (e.g., a small change in the
combination of goals may require major changes to the plan). However, an im-
portant point to note is that the use of varying abstraction levels can aid greatly
in making this incremental property hold. Often a plan modification that would
require a large number of changes at a lower level of abstraction can be rep-
resented as a single change at the more abstract level (e.g., moving a group of
activities associated with a single observation could be performed as a single
move operation).

This incremental fast replanning approach as embodied in the CASPER sys-
tem is being used in a range of applications [B] including: onboard a research
prototype rover, planned for flight in several space missions, high level flight
control and weapons management in an Unmanned Aerial Vehicle prototype,
and Ground Communication Station control.

3.1 CNSR Landed Operations Testbed

The CNSR scenario represents landed operations of a mission to a comet (see
Figure H). The lander will use a one-meter long drill to collect samples and
then feed them to a gas chromatograph/mass spectrometer onboard the lan-
der. This instrument will analyze the composition of the nucleus collected from
various depths below the surface. The lander will also carry cameras to photo-
graph the comet surface. Additional instruments planned onboard the lander to
determine the chemical makeup of the cometary ices and dust will include an
infrared/spectrometer microscope and a gamma-ray spectrometer. After several
days on the surface, the lander will bring a sample back to the orbiter for return
to Earth.

In this test scenario the planner has models of 11 state and resource timelines,
including drill location, battery power, data buffer, and camera state. The model
also includes 19 activities such as uplink data, move drill, compress data, take
picture, and perform oven experiment.

The nominal mission scenario consists of three major classes of activities:
drilling and material transport, instrument activity including imaging and in-situ
materials experiments, and data uplink. Of these, drilling is the most complex
and unpredictable.

The mission plan calls for three separate drilling activities. Each drilling
activity drills a separate hole and acquires samples at three different depths
during the process: a surface sample, a 20 cm deep sample, and a one-meter
deep sample. Acquiring a sample involves five separate “mining” operations after
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Fig. 4. Artist depiction of ST4 lander landing on Comet

the hole has been drilled to the desired depth. Each mining operation removes
1 cm of material. Drilling rate and power are unknown a priori, but there are
reasonable worst-case estimates available. Drilling can fail altogether for a variety
of reasons.

One of the three drilling operations is used to acquire material for sample-
return. The other two are used to supply material to in-situ science experiments
onboard the lander. These experiments involve depositing the samples in an oven,
and taking data while the sample is heated. Between baking operations the oven
must cool, but there are two ovens, allowing experiments to be interleaved unless
one of the ovens fails.

The replanning capability was tested using a stochastic version of the CNSR
simulation described above. This simulation had a number of random variables,
which are described below to show the richness of the domain.

e Compression - we model the compression for science data as a normal random
variable with a mean of 0.9 and a standard deviation of 0.25%0.9. This has
the effect of forcing the planner to respond to buffer over-runs (as described
above) and buffer under-runs (to optimize the plan).

e Drilling Time - we model the amount of time to drill in minutes as a random
variable with mean of 30 and standard deviation of 3.

e Drilling power - we model the actual power consumption from drilling in watts
as a normal random variable with mean 40 and standard deviation 4.

e Oven Failure - we model oven failure occurrence as Poisson distributed with
each oven having a 50% chance of failure over the entire mission horizon.

e Data Transmission Rate: we model the time to transmit data in kilobits per
second as a normal random variable with a mean of 100 and a standard de-
viation of 10. This is intended to model the variability in communications to
the orbiter.

e Oven Warming and Cooling Times: we model the amount of time to heat up
the sample and for the oven to cool down in minutes as random variables with
means of 30 and 120, and standard deviations of 3 and 12, respectively. This
is intended to model the unknown thermal properties of the samples.
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Initial Plan
oven oven oven
Activities I experiment A I I experiment B I I experiment C I

store store store
I_results I_results results_I
20 MB
15 MB
data [BMB ] 10 MB

buffer
After Experiment B
oven oven oven
|_experiment A_| I_experiment B_I I_experiment C_I

Activities
I_ store I' store I' store
results results results
30 MB
25 MB i
data 15 MB 5 conflict
buffer 5 MB |

After Replanning
oven oven oven
|_experiment A_| I_experiment B_| I_experiment C_I

Activities
I_ store I' store I' store
results results 1 results
I—I data uplink
25 MB
data 15 MB
buffer 5 MB | 5VB 10 MB

Fig. 5. Over-subscribed Data Buffer Example

To illustrate the operation of CASPER in the CNSR domain consider the
following example of CASPER replanning in response to execution-time resource
usage updates. In the CNSR domain, the data collected during the sample ac-
tivities is compressed and then stored in the data buffer of the lander. This data
is uplinked to the orbiting spacecraft at a later time. The planner uses estimates
of the amount of data compression to plan when uplink activities are necessary.
Because the compression algorithms are content dependent, these estimates may
significantly deviate from actual achieved compression.

In this example, the actual data generated by the second sample activity is
greater than expected because the compression achieved is less than originally
estimated. The planner realizes that it will not have sufficient buffer memory
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to perform the third sample activity. This results in an over-subscription of
the data buffer depletable resource. The planner knows that such a conflict
can be repaired by: 1) removing activities that contribute to resource usage or
2) adding an activity that renews the resource. In this case these two options
correspond to deleting the third sample activity or adding an uplink activity.
(The uplink activity renews the buffer resource by uplinking data to the orbiter.)
The planner resolves this conflict by adding an uplink activity after the second
sample activity, freeing memory for the third sample activity (see Figure[H).

3.2 Planetary Rover Operations Testbed

The CASPER system has been tested on a model and simulation for the Rocky-
7 prototype Mars rover for long-range planetary science gathering [I0/I1]. The
model consists of 18 shared resources, 12 state variables and 32 activity types.
Resources and states include 3 digital cameras (at the front, rear, and on a
mast), a deployable mast, a shovel, a spectrometer, solar arrays, batteries, and a
RAM buffer. There are five activity groups that correspond to different types of
science experiments: one for collecting spectrometer readings, and four for taking
images at a location (a front image, a rear image, a panorama using the mast,
and a close-up image using the mast). Rover problems are sized by the number
of hours of daylight (all operations require illuminated solar arrays). A series of
science goals are generated corresponding to the number of hours of daylight, and
the parameters for the goals are randomly generated (such as target locations).
For each additional hour of daylight, ten additional goals are added spread over
two new locations. Repair heuristics include traveling salesman heuristics, which
attempt to order the rover traversals such that the total distance traveled is
minimized.

Again, to show the richness of the domain, we describe the random variables
included in the rover simulation.

e Traverse speed is modeled as ~N(0.016, 0.0016) meters per second. This is
intended to model unpredictable traverse speeds due to terrain (elevation,
traction) effects or due to obstacle avoidance.

e Power usage of a traverse is modeled as ~N(4, 0.4) watts to model unpre-
dictable power draw from the wheel motors due to terrain (elevation, traction)
effects or due to obstacle avoidance.

e Duration of localization activity is modeled as ~N(120, 12) seconds to model
the variability in the amount of time taken to deploy the mast (variances in
mechanical actuation) as well as the variable amount of time to acquire images
and run the localization algorithm.

e Power usage of localization activity is modeled as ~N(1, 0.1) watts to account
for variances in mast movements and camera pointing required for localization.

e Rate of data transmission for data transfer activity is modeled as ~N(10,
1) bytes per second. This is intended to model communications errors and
retransmissions that may be required for communications from the rover to a
lander or orbiter.
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e Power usage for data transfer activity is modeled as ~N(1, 0.1) watts - data
transfer consists of transmission, waiting for acknowledgements of receipt of
data, and retransmission. Transmission and retransmissions are power inten-
sive, during the waits power consumption is reduced.

e Power usage of the spectrometer activity is modeled as ~N(1, 0.1) watts. The
spectrometer activity includes deployment of the spectrometer to the surface
of a rock, gathering data, and stowing the instrument. The deployment and
stowage require movements of the arm which are dependent on the exact
geometries of the surface being sample. These movements and feedback often
cause variations in the amount of time and power draw for this activity.

e The amount of data generated (memory usage) for the spectrometer activity
is modeled as ~N(0.2, 0.02) bytes per second to account for the effects of
content dependent compression.

e Position estimation error rate of increase is modeled as ~N(0.02, 0.002). The
position error is the rover’s model of how well it knows its position from wheel
sensors, etc. This increases at varying rates based on terrain variations as the
rover moves.

e Actual rover movements are modeled as a ~N(0, 0.0025) meters per second
wander away from the commanded path (0.5 meters away from target location
is too far for a science experiment). The actual location vector state variable is
used to determine actual distances to feed traverse activity parameters (such as
travel time). Variability here is caused by terrain effects and obstacle avoidance
as well as position estimation error.

4 Empirical Results

In our tests we compare two different local search methods.

1. The CASPER approach - which uses the current plan as an initial seed and
performs local, iterative repair to attempt to make the plan consistent with
the current state.

2. Batch replanning on failure - in this approach after an update the plan
cleared and then local, iterative repair is invoked to construct a plan to
achieve the top-level goals from scratch. This differs from the CASPER
algorithm in that the seed plan for local search is the null plan (e.g., no
actions).

In our setup, CASPER was running on a Sun workstation Ultra 60 with a
359 MHz processor with 1.1 GB Memory. The experiment consisted of 200 runs
each (batch and repair) on randomly generated problems. During each run, the
simulator updates the plan an average of 18,000 times (most of these are battery
power level updates). On average, around 100 updates result in conflicts that
should be handled by the planner/scheduler.

In order gain insight into the effectiveness of the local search in replanning,
we examine the number of plan operations and CPU time to either repair the
current plan or to construct a new plan to reflect the real-time execution feed-
back. Table[T] shows the average number of CPU seconds and plan modifications
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required to repair the existing old plan and construct a new plan from scratch.
This data clearly shows that it is more efficient to re-use the old plan than to
construct a plan from scratch.

Table 1. Summary of Data Comparing Average # of Plan Iterations and CPU Seconds
required to Repair Old Plan vs. Construct New Plan from Scratch.

Domain|Average Average
Domain|Planning Iterations|CPU Seconds
Repair |Batch Repair |Batch
Old Plan|Plan Old Plan|Plan
CNSR |19.73 67.60 2.55 8.10
Rover [15.9 33.6 1.80 3.43

Table [ shows, for the CNSR simulations, a histogram plot which indicates
the frequency with which problems from feedback required a given number of
plan operations to repair (i.e. the height of the column on the Y axis indicates
the frequency of problems requiring the number of repair operations indicated
on the X axis). Table [ shows a similar plot for the CPU Time for the CNSR
scenario. These plots indicate that a large number of solutions to the replanning
problem lie in the neighborhood of the old plan. This validates our hypothesis
that if the Agoals and Astate are small, that the Aplan should also be small.
Additionally the histograms clearly show that replanning from the old plan is
more efficient than batch planning from scratch.

We also briefly present results in a rover operations domain (space constraints
preclude a more lengthy presentation of these results). Tables [ and Bl show the
histogram plots for the plan operations and CPU time required to repair the old

Table 2. CNSR — Number of planning operations
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Table 3. CNSR — Time, In seconds

plan vs. constructing a new plan from scratch. Again the data indicates that not
only are a large number of solutions quite close to the old plan but that re-using
the old plan is significantly more efficient than replanning from scratch.

Note that while the absolute differences might not seem large, the relative dif-
ferences are quite significant. The CNSR domain shows a larger than 3x speedup
and the Rover domain shows a speedup of almost 2x. These factors become crit-
ical when the running on a slower flight processor, which can typically increase
CPU times by several orders of magnitude. The data on plan operations was

Table 4. Rover — Number of planning operations
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Table 5. Rover — Time, In seconds

provided to give some measure that is not CPU dependent. However, plan op-
erations are specific to the chosen planner and CASPER’s plan operations can
vary significantly, with some requiring more time than others.

5 Related Work

The question of repairability that this paper addresses is strongly linked to the
notion of supermodels [12]. In supermodels, they examine the problem of finding
a (m,n) SAT model which after having m bits flipped, can be made consistent
by flipping a different n bits. They show that for specific classes of problems this
can be reduced to a SAT problem. In contrast, we are interested in finding a
plan that after being perturbed by real-world feedback (corresponding to the m
bits flipped above) that using a bounded amount of computation (n bits flipped
in response above) can be repaired to be consistent (be made a consistent SAT
model). Because our perturbation space is much more rich (stochastic elements
for states, resource usage, and activity duration) and our plan repair space more
rich (add, move, delete, abstract activities) the problems are alike only at the
most abstract level. However, the general approach of trying to generate robust
plans is exactly the problem of interest and the study in this paper is aimed at
evaluating the ability of local search to repair plans.

The high-speed local search techniques used in our continuous planner pro-
totype are an evolution of those developed for the DCAPS system [I] that has
proven robust in actual applications. In terms of related work, iterative algo-
rithms have been applied to a wide range of computer science problems such
as traveling salesman [I3] as well as Artificial Intelligence Planning [4JT4/T5T6]
17]. Tterative repair algorithms have also been used for a number of scheduling
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systems. The GERRY system [4] uses iterative repair with a global evaluation
function and simulated annealing to schedule space shuttle ground processing
activities. The Operations Mission Planner (OMP) [14] system used iterative
repair in combination with a historical model of the scheduler actions (called
chronologies) to avoid cycling and getting caught in local minima. Work by
Johnston and Minton [I8] shows how the min-conflicts heuristic can be used not
only for scheduling but also for a wide range of constraint satisfaction problems.

The OPIS system [6] can also be viewed as performing iterative repair. How-
ever, OPIS is more informed in the application of its repair methods in that it
applies a set of analysis measures to classify the bottleneck before selecting a re-
pair method. Excalibur [I9] represents a general framework for using constraints
to unify planning and scheduling constraints, uncertainty, and knowledge. This
framework is consistent with the CASPER design, however in this paper we have
focused on a lower-level. Specifically, we have focused on re-using the current plan
using iterative repair.

Work on the PRODIGY system [20] has indicated how goals may be al-
tered due to environmental changes/feedback. These changes would be modeled
in our framework via task abstraction/retraction and decomposition for poten-
tially failing activities. Other PRODIGY work [21] has focused on determining
which elements of the world state need to be monitored because they affect plan
appropriateness. In our approach we have not encountered this bottleneck, our
fast state projection techniques enable us to detect relevant changes by noting
the introduction of conflicts into the plan.

Work on CPEF (Continuous Planning and Execution Framework) [22] uses
PRS, AP, and SIPE-2, also represents a similar framework to integrating plan-
ning and execution. CPEF and CASPER differ in a number of ways. First,
CPEF attempts to cull out key aspects of the world to monitor (as is necessary
in general open-world domains). They also suggest the use of iterative repair
(they use the term conservative repairs). And their taxonomy of failure types is
very similar to ours in terms of action failure and re-expansion of task networks
(re-decomposition). However, in this paper we have focused on lower level issues
in synchronization and timing.

6 Discussion and Conclusions

There are a great many areas for future work, the work presented in this paper
is just beginning to analyze local search for replanning. Attempting to charac-
terize better the cases under which problems are nearly decomposable would be
extremely useful, as this property is strongly related to whether or not small
changes in goal and state would require major changes to the plan. Understand-
ing how abstraction could assist in making large plan changes more tractable
is also important. Relating this work to other (non-planning) work in using old
invalid solutions as a guide to solve new (slightly modified) problems is also
important. For example, dynamic constraint satisfaction has investigated this
area. Also, solution density and the phase transition are related to the notion
of tractable local search for replanning - better understanding this relationship
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would be ideal. Finally, one interpretation of the results is that our planner
heuristics are more well suited for repair (modification) of an existing plan than
for construction of a plan from scratch. This is almost certainly true - but in
general we believe that it is easier to construct good heuristics for repairing a
plan than for from scratch plan construction. Benchmarking against other from
scratch planning methods would be useful.

This paper has described an empirical evaluation of a local search approach
to integrating planning and execution for spacecraft control and operations. In
this empirical study we investigated the hypothesis that small perturbations in
execution of a plan would be resolvable in an efficient fashion by local search.
Empirical evidence from two space mission simulations supports the use of local
search for this type of problem.
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Abstract. When searching the space of possible plans for combined planning
and scheduling problems we often reach a local maximum and find it difficult to
make further progress. To help move out of a local maximum, we can often
make large steps in the search space by aggregating constraints. Our techniques
improve the performance of our planner/scheduler on real problems.

1 Introduction

This paper describes an approach that can improve search in the plan space. This is
achieved by “jumping” within the search space by using an aggregation technique.
Additional costs of the technique include the overhead involved in reasoning about the
aggregation. Previous work in the form of macro operators and clustering addresses
the problem of deciding on an appropriate collection of activities [1] heretofore re-
ferred as an aggregation. Our aggregate reasoning techniques [2] are applicable to any
collection of activities with interacting constraints, regardless of how the collection
was formed. We apply a simple heuristic technique to construct the aggregation and
then reason about the aggregation as a single unit. Empirical data show that our aggre-
gate reasoning techniques facilitate local, repair search. While we believe that these
techniques would also improve other types of search, this is still an open area of re-
search.

1.1 Board-Laying: An Analogy of Aggregation

Consider searching the space of plans, where a plan consists of a collection of activi-
ties possibly related to one another with temporal constraints as in Figure 1. Consider
that each activity also has resource and state constraints or reservations (Figure 2).
Now consider a repair search where a conflict is a violation of either a temporal
constraint or a reservation. If we start with a plan that contains conflicts of temporal
constraints and reservations, we might decide to repair the temporal constraint con-
flicts and then the reservation conflicts (e.g., temporal constraints alone could be re-
solved using algorithms from [3]). When we have repaired all of the temporal con-

A. Nareyek (Ed.): Local Search for Planning and Scheduling, LNAI 2148, pp. 95-107, 2001.
© Springer-Verlag Berlin Heidelberg 2001
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straint conflicts, we have climbed a hill to a certain point, where hill climbing is seen
as reducing conflicts. (Note: this is the dual of the “gradient descent” analogy in which
valleys are more optimal than hilltops.) If we have no other temporal constraint con-
flicts then we would attempt to resolve the reservation conflicts, but it may be that
resolving a reservation conflict implies causing temporal constraint conflicts. In this
case, we have reached a local maximum—in the sense of hill climbing, we have
reached a hilltop, as in Figure 3.

A precedes B

I Activity A a e ——— A I Activity B a

Fig. 1. A plan consisting of two activities related to each other via a temporal constraint.

precedes B A

| Activity A N * ctivity B 3

B uses 10
A uses 5 Of Bus
of Bus Resource Resource
Bus
Resource
A
usage
| ] 1

Fig. 2. Reservations of activities on a shared resource

One option is to simply descend the hill and solve the reservation conflicts, and
then re-solve the temporal constraint conflicts. But most real domains we face have
too many options. In an exhaustive search, this leads to large amounts of backtracking
and an impossibly long search. In a local search, we may find ourselves descending
and ascending the same hill, making no progress toward a global solution, and relying
more heavily on locally sub-optimal, stochastic moves.

What we really want is to move from one hilltop to other local hilltops without de-
scending. This is advantageous in that we know that we are not ascending the same
hill and that we continue the search “up”. One way of enabling this sort of operation is
to reason about collections of activities instead of individual activities. This allows us
to avoid some of the descending associated with reasoning about individual activities.
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In this sense, aggregation is equivalent to laying boards from one hilltop to nearby
hilltops, as in Figure 4.

T All temporal conflicts
solved, but we have

| resource and

1 state conflicts
Decreasing +
Number Search
of Conflicts  pah

| - Plan Space

(may move backwards!)_ -

Fig. 3. Reaching a hilltop in the search of the plan space

a global maximum

T

1
Decreasing

Number
A Search
of Conflicts  pyn

| - _ Plan Space

(may move backwards)~

Fig. 4. Efficiently achieving a less-conflicting plan using board laying

Unfortunately, board-laying is not free. It incurs the addition cost of constructing
the board. In other words, we must reason about the interactions between shared states
and resources among the activities in the aggregation in order to make appropriate
aggregate moves.

Our criterion for inclusion into an aggregation is motivated by the structure of
problems presented by modelers to our planner/scheduler: ASPEN [4,5,6]. Often, a
complex activity is modeled as a collection of simpler activities related to each other
via temporal constraints. Therefore, we first choose an activity that has a reservation
violation, and then we simply gather associated activities by calculating the connected
component of the original activity in the temporal constraint network. This takes ad-
vantage of the intent of the modelers in that we assume that required activities to sat-
isfy temporal constraints will need to be considered while satisfying resource and state
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constraints. Obviously, if this is not the case our aggregation criterion will not produce
helpful collections. Therefore, we make no claims as to the appropriateness of our
aggregation technique—we only claim that it is justifiable given the models actually
produced for domains without respect to any particular solution technique.

To summarize the concept and issues of aggregation, we believe that reasoning
about collections of activities (as opposed to individual activities) is helpful in finding
a solution to a combined planning/scheduling problem. We believe this is due to the
increased complexity introduced by the additional search required when reasoning
about activities in isolation. To avoid this, we will collect a group of activities that are
related to each other with temporal constraints and then attempt to schedule the entire
collection at once. In a sense, we assume that decisions concerning the temporal con-
straints among members of the collection will hold even when shifted “lock-step” in
the schedule either forward or backward in time. Note that although research con-
cerning flexible intervals between members of the collection might be fruitful, it is left
as future work.

Given that we have chosen a collection of activities, does our technique: 1) im-
prove on search efficiency and 2) improve search on any reasonable domain? Our
empirical analysis compares our technique with a technique that performs no aggrega-
tion (answering 1), and we use domains from space-exploration (answering 2).

2 Reasoning about Collections of Activities

Consider the task of scheduling interdependent sets of activities in a combined sched-
uling/planning problem. This problem is an important aspect of solving combined
planning and scheduling problems. In many approaches to combined planning and
scheduling, one alternates between finding activities to satisfy pre- and post-conditions
(planning) and finding temporal assignments and resources for those activities (sched-
uling). Complex activity placement is also an important component of many schedul-
ing problems, as finding temporal assignments for complex activities can be computa-
tionally challenging.

This work advances the approach of moving collections of activities whose tempo-
ral relationships among them are fixed. We proceed by describing our motivation,
defining the problem, and describing the solution. Finally, we present empirical evi-
dence in favor of our technique.

We assume that we have already gathered activities into an aggregate, as described
earlier. We explicitly represent interactions between the activities, or more specifi-
cally, interactions between the constraints on shared states and resources.

For example, consider a pair of activities that affect a battery (see Figure 5). The
first activity a, uses 10 amp-minutes, while the second activity a, restores 10 amp-
minutes. If we schedule g, individually, we find no intervals that will not cause an
over-subscription of the battery, because activity a, has already fully depleted the
battery by the end of the current schedule. But, if we schedule these together, we find
placements that are valid. The positive effect a, has on the schedule makes up for a,’s
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usage. Our aggregate reasoning techniques handle this sort of constraint-interaction for
shared states and resources.

Battery collecltion to be sclheduled

a, use 10 a, restore 10
| |
—10 minutes$
¢ |
I a, use 20
schedule |
level 20 0
time, n 1 1 1 1 1 1 1
minutes 03 10 15 20 2 30 55

one pOSS.lble a, use 10 a, restore 10 a, use 20
scheduling I I I

level 20 20 0

time, in

minutes

L o -
—_
]
—_
(9]
o
=]
[3°)
(9}
W
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Fig. 5. Battery interaction example

More formally, the problem of computing valid intervals is as follows:
Given: a schedule (S) and a collection of activities (Q) to be scheduled whose
temporal relationships among themselves are fixed
Compute: the interval set (/) representing assignments of the start-time of the ear-
liest activity in the collection that violate no constraints

And our approach to computing / is as follows:
1) gather all reservations of activities in Q,
2) partition these according to timeline
3) compute the valid intervals for each partition (P),
4) translate and intersect the valid intervals.

We focus on step 3. We know that if the reservations in P do not interact, then we
can compute valid intervals for P by computing those for each individual reservation
in P. This is accomplished by first computing each set of intervals for each individual
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reservation in P. We then translate these intervals by the difference between the start-
time of the reservation and the earliest start-time in P. Finally, the resultant intervals
are intersected to compute /.

If the reservations in P do interact, one way to make step 3 tractable is to transform
P into a set of non-interacting reservations P’. Because the reservations in P’ do not
interact, we can compute valid intervals using simple translation and intersection of
the valid intervals for each individual reservation in P’.

The transformation of P into P’ depends on the type of reservations involved. Gen-
erating P’ for reservations on depletable timelines, as in the battery example, is shown
in Figure 6. First, we create a new set of local reservations for all but the last reserva-
tion in P that represent the changes in the value of the timeline along the temporal
extent of the of the reservations in P. Finally, we add a single downstream reservation
at the end of the collection of local reservations that represents the overall effect of the
reservations in P. Note that the semantics for reservations in P’ may differ from those
in P.

—10 mins-ba
| ,
P a, I +10——p
} 10 >

P’ —-10—

Fig. 6. Transforming interacting depletable reservations

Similar methods are used to compute P’ for other types of timelines. Once we have
our complete set of reservations, valid intervals for each can be computed in time that
is proportional to the number of reservations already scheduled. The number of reser-
vations in P’ is a constant factor more than those in P, making the overall asymptotic
complexity of our technique equivalent to a computation that ignores interactions, or
roughly proportional to |P|JA| where A is the number of reservations already sched-
uled.

3 Local Search

To solve our planning/scheduling problems, we use the ASPEN system using an “it-
erative repair” search algorithm [4,7], that classifies conflicts and attacks them each
individually. Conflicts occur when a plan constraint has been violated; this constraint
could be temporal or involve a resource or state timeline. Conflicts are resolved by
performing one or more plan modifications such as moving, adding, or deleting ac-
tivities. Heuristics can be used to help make selections among alternatives. The itera-
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tive repair algorithm continues until no conflicts remain in the plan, or until the com-
putational resource bounds have been exceeded.

When moving activities, the planner/scheduler entertains least-conflicting locations
in the plan. This is when aggregate reasoning can be applied. The collection is deter-
mined by the selected activity, which is typically chosen at random. For all temporal
constraints for which the selected activity is the source of the constraint, we include all
activities participating in the constraints. It is worth noting that the selected activity
may participate in other temporal constraints for which it is not the source. These
constraints are not considered and may become violated. However, this also provides a
mechanism for changing the relative position of activities to satisfy temporal con-
straints between them. Once the collection is established, aggregate reasoning is used
to evaluate interactions between resource and state constraints of activities in the col-
lection. This is done to compute locations for the collection that will not violate these
constraints. These non-conflicting locations are used in a heuristic for selecting the
new start time for the selected activity.

There are several important characteristics of our local search algorithm. First, the
search is non-systematic and each iteration attempts to repair a conflict with no
knowledge of previous iterations. In other words, no history of the search is main-
tained. In order to ensure that we cover the search space, decisions are made stochasti-
cally whenever heuristics make no preference between choices. While we believe this
sort of local, stochastic search is an effective means of achieving good performance on
real problems, we do not believe it is a requirement for aggregate reasoning.

Another important characteristic of our search is that it can be categorized as an
early-commitment approach. As opposed to least-commitment search, early-
commitment search commits to a single choice for a decision rather than maintain all
possible non-conflicting choices. This choice may result in new conflicts (either im-
mediately or after further planning) and it is left to the search to repair the new con-
flicts on subsequent iterations. While algorithms exist for maintaining least-
commitment information (e.g., temporal constraint networks) and hence reducing
search, we believe these algorithms add an overhead that is too costly to be used at
every step of the search. This also appears to be true for aggregate reasoning algo-
rithms. Our current implementation of aggregate reasoning is very efficient but only
applicable to activities and timelines with committed values (e.g., start times, resource
usages). We believe that our general technique is applicable to least-commitment
planning, but at a greater computational expense (while still being polynomial). Future
research should address this issue.

4 Empirical Evaluation

In our empirical analysis we use four models (and corresponding problem set genera-
tors): 1) the EO1 spacecraft operations domain, 2) the Rocky-7 Mars rover operations
domain, 3) the DATA-CHASER shuttle payload operations domain, and 4) the New
Millennium Space Technology Four landed operations domain.
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Within each model and corresponding problem set, we generate random problems
that include a background set of fixed activities and a number of movable activity
groups. The activity groups are placed randomly. The goal is to minimize the number
of conflicts in the schedule by performing planning and scheduling operations. The
main scheduling operation is to move activities to new start times. In the control trials
the planner/scheduler always moves one activity at a time. We dub this the atomic
technique. In the experiment trials the planner/scheduler is using our aggregate rea-
soning (i.e., board-laying) to compute valid placements for collections of activities
and the collection is moved as a whole. In all cases for each domain, both trials are
using the same set of heuristics at all other choice-points (e.g., selection of a conflict
or activity group to attempt to repair, where to place within computed valid intervals,
etc.). Note that simple (atomic) operations are available in all domains.

We now briefly describe each domain including information on the types of activi-
ties and resources modeled, what the activity groups are, and how they are interde-
pendent.

EOI Domain
The EO1 domain models the operations of the New Millennium Earth Observer 1
operations for a two-day horizon [6]. It consists of 14 resources, 10 state variables and
total of 38 different activity types. Several activity groups correspond to activities
necessary to perform different types of instrument observations and calibrations. The
activity groups range in size from 23 to 56 activities, many of which have interactions.
For example, taking an image of the earth requires fixing the solar array drive to avoid
blurred images. The high-level observation activity group includes both commands to
fix the SAD and take the image.

Each EO1 problem instance includes a randomly generated, fixed profile that rep-
resents typical weather and instrument pattern. Each problem also includes 8 randomly
placed instrument requests for observations and calibrations.

Rocky-7 Domain

The Rocky-7 Mars rover domain models operations of a prototype rover for a typical
Martian day [8]. It consists of 14 shared resources, 7 state variables and 25 activity
types. Resources and states include cameras (front, rear, mast), mast, shovel, spec-
trometer, solar array, battery, and RAM. There are four activity groups that corre-
spond to different types of science experiments: imaging a target, digging at a loca-
tion, collecting a spectrometer reading from target, and taking a panoramic image
from a location. Activity group size ranges from 8 to 17 activities. Members in activity
groups have positive resource interactions, e.g. opening the aperture for the camera
enables subsequently taking a picture. Activity groups also have negative interactions,
e.g. several member activities using the onboard buffer. Rover problems are con-
structed by generating four experiments and randomly generating parameters for the
experiments (such as target locations).

New Millennium Space Technology Four Landed Operations Domain
The ST4 domain models the landed operations of a spacecraft designed to land on a
comet and return a sample to earth. This model has 6 shared resources, 6 state vari-



Board-Laying Techniques Improve Local Search in Mixed Planning and Scheduling 103

ables, and 22 activity types. Resources and states include battery level, bus power,
communications, orbiter-in-view, drill location, drill state, oven states for a primary
and backup oven state, camera state, and RAM. There are two activity groups that
correspond to different types of experiments: 1) mining and analyzing a sample, 2)
taking a picture. Activity group sizes range from 5 to 10. As in the rover domain,
activities interact positively and negatively.

Each ST4 problem instance includes a randomly generated, fixed profile that rep-
resents communications visibility to the orbiting spacecraft. Each problem also in-
cludes five mining and two picture experiments (each randomly placed.)

DATA-CHASER Domain
The DCAPS domain models operations of a shuttle science payload that flew onboard
Space Shuttle Flight STS-85 in August, 1997 [9]. It consists of 19 shared resources,
25 state variables, and 70 activity types. Resources and states include shuttle orienta-
tion, contamination state, 3 scientific instruments (doors, relays, heaters, etc.), several
RAM buffers, tape storage, power (for all instruments/devices), and downlink avail-
ability. There is one type of activity group corresponding to one experiment for each
of the 3 scientific instruments. This activity group consists of 23 activities. As with
the other domains, activities in this activity group interact positively and negatively.
Each DCAPS problem instance includes a randomly generated, fixed profile that
represents shuttle orientation and contamination state. The number of randomly
placed experiments ranges from 2 to 20 based on the fixed profile for the given prob-
lem instance.

Comparison

For each domain, we run 20 random problems for both the control (atomic) and the
experimental techniques. Using the aromic technique, the problems are intractable
within reasonable time bounds. We postulate that this is because the distance in terms
of sub-optimal moves from one local optima to the next is O(n) and the space to be
searched is O(m") where n is the number of activities in a movable collection and m is
the number of possible locations given by a calculation of legal intervals for an indi-
vidual activity. For example, in the EO1 domain, n ranges from 23 to 56; in the Rover
domain, n ranges from 8 to 17.

However, we discover that our board-laying technique fairs somewhat better (see
Table 1). Also, we see that as a function of time, our board laying technique outper-
forms the atomic technique for each domain (see Figure 7, Figure 8, Figure 9 and
Figure 10).

Table 1. Number of Problems Successfully Planned

EO1 Rocky 7 DCAPS ST4 Total

Board 149/400 390/400 387/400 243/400 1169/1600
laying
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5 Related Work

There are a number of related systems that perform both planning and scheduling.
IxTeT [10] uses least-commitment approach to sharable resources that does not fix
timepoints for its resource and state usages.

HSTS [11] enforces a total order on timepoints that affect common shared states
and resources, allowing more temporal flexibility. We believe that our technique is
applicable in this case at a greater computational expense (while still being polyno-
mial), and future research should address this issue.

Both IxTeT and HSTS are less committed representations than our grounded time
representation and this flexibility incurs a greater computational expense to detect
and/or resolve conflicts.

O-PLAN [12,13] also deals with state and resource constraints. O-PLAN’s re-
source reasoning uses optimistic and pessimistic resource bounds to efficiently guide
its resource analysis when times are not yet grounded. Like ASPEN, O-PLAN also
allows multiple constraint managers which would enable it to perform general rea-
soning when times are unconstrained and more efficient reasoning in the case where
all timepoints are grounded.

SIPE-2 [14] handles depletable/non-depletable resource and state constraints as
planning variables using constraint posting and reasons at the same level of commit-
ment as IxTeT.

In [15], constraint-posting techniques are applied to satisfy multi-capacitated re-
source problems at the same level of commitment. Depletable/non-depletable re-
source constraints are easily transformed to multi-capacitated resource constraints.
None of these systems generally consider aggregate operations in their search space.

There also exists a large body of work concerning the flattening of search spaces.
Future work should include comparisons with these techniques, an example of which
is Tabu search [16].
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6 Conclusion

This paper has described the use of board laying techniques to improve the efficiency
of planning and scheduling sets of interdependent activities. We show empirically that
our board laying search method outperforms the alternative approach of using single-
ton operations on problems from space exploration domains.

Acknowledgements. This work was performed at the Jet Propulsion Laboratory,
California Institute of Technology, under contract with the National Aeronautics and
Space Administration.
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Abstract. Optimization of expected values in a stochastic domain is common in
real world applications. However, it is often difficult to solve such optimization
problems without significant knowledge about the surface defined by the sto-
chastic function. In this paper we examine the use of local search techniques to
solve stochastic optimization. In particular, we analyze assumptions of smooth-
ness upon which these approaches often rely. We examine these assumptions in
the context of optimizing search heuristics for a planner/scheduler on two prob-
lem domains. We compare three search algorithms to improve the heuristic sets
and show that the two chosen local search algorithms perform well. We present
empirical data that suggests this is due to smoothness properties of the search
space for the search algorithms.

1 Introduction

In many optimization applications, the optimization problem is difficult because of
high dimensionality (e.g., large search space) and complex optimization spaces (e.g.,
non-convex). The problem is made more difficult because the cost of determining the
utility of a solution can be expensive (e.g., high computational cost, limited data). The
solution cost is exacerbated in stochastic domains where numerous samples are often
required to accurately estimate the expected value (which is usually the optimization
target) based on a probabilistic decision criterion.

For many large-scale problems, local search and iterative improvement algorithms
have been effective in finding good solutions. In particular, many gradient following
approaches have been successfully applied to difficult real-world optimization prob-
lems [2]. However, these approaches rely on properties of the search space: that the
surface has some notion of smoothness to enable a step function, or neighborhood
function, to search the space for a local maximum; and that a local maximum is likely
to produce an adequate solution. Furthermore, since the particular optimization ap-
proach often defines the search operators, it also defines the neighborhood of the strat-
egy search space. Consequently, some optimization approach would result in a search
space with smoothness properties while other generation approaches would not.

A. Nareyek (Ed.): Local Search for Planning and Scheduling, LNAI 2148, pp. 108-119, 2001.
© Springer-Verlag Berlin Heidelberg 2001
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We examine the effectiveness of local search techniques for difficult optimization
problems. We apply local search to learn heuristics to guide search for a plan-
ner/scheduler that solves problems from a fixed but unknown problem distribution.
We study the effectiveness of local search for optimizing planner strategies, where a
strategy encodes the decision policy for the planner at each choice point in the search.
In particular, we examine several issues of general interest.

1. We show that two different local search stochastic optimization methods find
strategies that significantly outperform both the human expert derived strategy and
a non-local search strategy.

2. We show that the smoothness property holds for both local search algorithms (de-
spite their searching two quite different spaces).

3. Surprisingly, examining the learning trials showed that the learning runs had to
modify the initial strategies considerably before showing significant improvement.
This either meant that the learning algorithms were making poor initial steps, or
that the learned strategies lay within a valley. We present empirical results that
show that the latter hypothesis is true.

Because our approach is modular to allow arbitrary candidate generation algorithms,

we are able to examine the problem for different search strategies. In particular, we

examine a local beam-search candidate generation approach and an evolutionary com-
putation approach.

The remainder of this paper is organized as follows. First, we describe the general
approach to stochastic optimization. Second, we describe how the planning applica-
tion is an instance of stochastic optimization. As part of this, we describe the specifics
of the control strategy encoding. Third, we describe the empirical results, focusing on
the hypotheses outlined above. Finally, we describe related and future work in this
area.

1.1 Stochastic Optimization

We define a stochastic optimization problem as optimizing the expected value of a
distribution. With a deterministic planner/scheduler and a random set of problems,
there is sampling error in the estimation of expected utilities for a set of control strate-
gies, hence the problem is stochastic. A non-deterministic planner/scheduler and a
static set of problems will also produce utility distributions with error, hence this
problem is also stochastic. In our framework, we have a non-deterministic plan-
ner/scheduler and a random set of problems, so there is error in estimating each strat-
egy utility distribution, so the problem is stochastic.

We now describe our general iterative framework for optimization of expected
value in stochastic domains. First, hypotheses are generated by a local search, then
these hypotheses are evaluated by testing them in the application domain and scoring
the result (see Figure 1). This testing occurs under the direction of a statistical
evaluation component (described below). When the best one or several hypotheses are
known with the desired confidence, the process is repeated (e.g., new hypotheses are
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generated). This entire cycle is repeated until some termination condition is met (e.g.,
number of cycles, quiescence).

Set of Hypotheses
Hypothesis
—» | CCCCTITTTTT] (— -
COOTIIITIII ] Evaluation
Top hypothesis
CITTTTTITTTTT]
Hypothesis /
Generation

Fig. 1. Optimization cycle - given a set of hypotheses, an evaluation ranks these hypotheses,
and a search generates a next generation based on the rank of the previous generation and a
candidate generation approach

To evaluate the set of candidate hypothesis steps, we use statistical methods that
minimize resources used to satisfy a decision criterion [3 While the algorithm can
use an arbitrary decision criterion, in this paper we focus on the use of the Probably
Approximately Correct (PAC) requirement, to determine when the utility of one hy-
pothesis is superior to another based on pair-wise comparisons. With the PAC deci-
sion requirement, an algorithm must make decisions with a given confidence (ex-
pressed as the probability that its selection is correct is greater than [)) to select the
appropriate hypothesis (expressed that its expected utility must be within []of the true
best hypothesis) as expressed in Equation (1).

n A A
Pr ()10 (h) o 0

& =
Because any specific decision either satisfies or does not satisfy the requirement that
the selected hypothesis is within [] of the true best hypothesis, the PAC requirement
specifies that over a large number of decisions that the accuracy rate must meet [. For
a pair of distributions, it is relatively straightforward to calculate the probability that
one has a higher expected utility than the other. However, selection of a single hy-
pothesis from a set of n hypotheses requires summation of a number of pair-wise
comparisons. To minimize resource usage, the algorithm allocates error to each pair-
wise comparison based on the estimated cost of samples for those hypotheses, and
allocates a greater error to costly comparisons. Thus, the overall error criterion is met
using the fewest resources possible by minimizing Equation (2) after each sample
where ¢ is the cost of the best hypothesis and the cost of the i" hypothesis, and n is the
number of samples allocated to the comparison.
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! In this paper we focus on the candidate hypothesis generation strategies and the outer loop.
The statistical evaluation phase of the learning process is described in further detail in [3.,4].
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The sufficient number of samples () can be generated, given a normal distribution of
sample utility, by estimating the difference in expected utility and variance of each
hypothesis. In general, we cannot solve this problem optimally since the estimates for
parameters required to compute optimal solutions will include sampling error. For
more information regarding these techniques, see [3].

2 Learning Planner Heuristics as Stochastic Optimization

We investigate stochastic optimization in the context of learning control strategies for
the ASPEN planner [5]. ASPEN uses heuristics to facilitate the iterative search for a
feasible plan. During each search step, a planner confronts a series of decisions such
as which schedule conflict to repair or the action to take to repair it. The planner re-
solves these choices by stochastically applying the heuristics, based on weights for
each choice point heuristic, during iterative repair [17]. Thus the weights define the
control strategy of the planner, which impacts the expected utility of the resulting
plans.

Specifically, in our setup, a strategy hypothesis is a vector with a weight for each
heuristic function and a weight of 0 for a heuristic not in use. The utility of a hypothe-
sis can be determined by running the planner using the control strategy hypothesis on a
certain problem instance and scoring the resulting plan. A problem generator for each
domain provides a stochastic set of problem instances to enhance the robustness of the
expected solution for the entire planning domain.

In our ASPEN setup, there are twelve choice points in the repair search space.
Higher level choice points include choosing the conflict to resolve and choosing the
resolution method, such as preferring open constraints before violated constraints, or
preferring to add activities over moving them. Once a resolution method is selected,
further choice points influence applications of the choice point such as where to place
a newly created activity and how to instantiate its parameters. For each choice point,
there are many heuristics that might be used. The hypothesis vector is the list of rela-
tive weight that is given to each heuristic for that choice point. Since the planner is
stochastic, the choice of heuristics that are used at each step is randomized, so multiple
runs even for the same problem instance may yield a range of solutions (plans) and
hence a distribution of utilities.

The search space for each of our domains, given the encoding of the hypotheses, is
large. The sum of each choice point’s heuristic values must sum to 100 (so each
weight can have 101 possible values), and utilities may depend on the correct heuristic
values for multiple choice points. So the number of elements in the search space is:

ﬁ %101 % 3)
il Dhi DlD

where £, is the number of heuristics for choice point i. The two domains we are using
have approximately 2.3*10" different possible hypotheses. Because there are a lim-
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ited number of repair iterations (in these experiments, 200 at most), there are a limited
number of stochastic decisions to be made, so it is unclear how much of an impact
small differences in the weights will make. If we define “small difference” as 10 per-
centage points for each hypothesis, the space already drops to 4.7#10" (substituting 11
for 101 in the above equation) although further sensitivity testing will be done to ver-
ify this claim.

2.1 Domains

The repair heuristics were developed for individual domain search requirements from
ASPEN applications [5]. There are also domain-specific heuristics, which reference
particular features of a domain in order to affect the search. For each domain, the
human expert strategy hypotheses were derived independently from (and prior to) our
study by manual experimentation and domain analysis.

We examine two different spacecraft domains, which satisfy the normality as-
sumption of the evaluation method. The first domain, Earth Orbiter-1 (EO-1), is an
earth imaging satellite. The domain consists of managing spacecraft operations con-
straints (power, thermal, pointing, buffers, telecommunications, etc.) and science goals
(imaging targets and calibrating instruments with observation parameters). Each
problem instance is used to create a two-day operations plan: a typical weather and
instrument pattern, observation goals (between 3 and 16), and a number of satellite
passes (between 50 and 175). EO-1 plans prefer more calibrations and observations,
earlier start times for the observations, fewer solar array and aperture manipulations,
lower maximum value over the entire schedule horizon for the solar array usage, and
higher levels of propellant.

The Comet Lander domain models landed operations of a spacecraft designed to
land on a comet and return a sample to earth. Resources include power, battery,
communications, RAM, communications relay in-view, drill, and ovens. Science
includes mining and analyzing a sample from the comet, and imaging. The problem
generator includes between 1 and 11 mining activities and between 1 and 24 imaging
activities at random start times. The scoring functions for the Comet Lander domain
includes preferences for more imaging activities, more mining activities, more battery
charge over the entire horizon, fewer drill movements, and fewer uplink activities.

2.2 Search Methods

The two local search types used were a local beam search method and an evolutionary
computation method. The local beam search [13] defines a vector’s neighborhood as
changing the subset of the vector associated with a choice point by less than a certain
step size. As opposed to propagating only highest-ranking vector, the search propa-
gates a beam b of vectors, where b is greater or equal to 1. Samples for each individual
candidate hypothesis are generated and scored using the planner, and ranking is done
by pair-wise comparisons of these sample utilities for each candidate hypothesis in a
generation. For each generation, the beam search takes the top ranking b hypotheses,
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creates b/g candidate neighbor hypotheses for each of them, and ranks the g candidate
hypotheses to create the subsequent generation.

The evolutionary algorithm [7] uses three general operators (crossover, mutation,
and reproduction) to generate the next set of hypotheses. Parents are chosen based on
their relative ranking, where the higher-scoring hypotheses are more likely to be par-
ents. The crossover operator was not aware of subsets of the hypothesis vector related
to each choice point, so it could choose to split within one of those subsets. For all
operators, the results are normalized to 100% before evaluation. Samples for each
individual candidate hypothesis are generated and scored using the planner, and rank-
ing is done by pair-wise comparisons of these sample utilities for each candidate hy-
pothesis in a generation. For each hypothesis in a generation, the algorithm either
reproduces one parent or crosses two parents based on their ranking in the previous
generation, and mutates the resulting candidate hypothesis.

Random sampling is another (non-local) method of search. Vectors are generated at
random and deep sampling is performed on these vectors for a planning domain. The
results show a distribution of random hypothesis points and expected utility for these
random points in the strategy space.

Although the local search algorithms are greedy given a correct ranking, due to
sampling error the ranking algorithm can produce only an approximation of the correct
ranking. Furthermore, as the overall utility of the candidate hypotheses continues to
improve, ranking is more difficult because the hypotheses have higher variances rela-
tive to the differences in the mean (this is a phenomenon well understood related to the
Least Favorable Configuration (LFC) in statistical ranking). Consequently, the highest
overall expected utility hypothesis might not occur in the final iteration, and the opti-
mization algorithm does not know the true utilities of the strategies sampled, since it
only has estimates. To address this problem, each of our algorithms (beam-search and
evolutionary) select the highest estimated utility strategy from all seen during that run
(e.g., potentially not the last strategy). When we report that strategy’s utility, we re-
port a true utility based on a deep sample of many more samples. Since each run takes
several CPU days, we are continuing to perform more optimization runs to provide
more detailed results.

3 Empirical Results

One simple question is whether the local optimization techniques improve on the hu-
man expert strategies. It is important to keep in mind that the expert strategies were
created for a single instance of a problem domain, but in this paper we are evaluating
the expert strategies (and the generated strategies) over a set of instances in the prob-
lem domain. In both the EO-1 domain and the Comet Lander domain, we compare
expected utilities of the handcrafted expert strategy and the best and average strategies
found by random sampling (Figure 1). For local beam search and local genetic search
we report on the top strategy in the final set of strategies (recall that the beam has
several strategies retained and the genetic search has the population) as well as the
mean utility of the strategies in the final set. While the learned strategies outper-



114 B. Engelhardt and S. Chien

formed the expert strategies, surprisingly the expert strategy in the EO-1 domain was
worse than a randomly generated strategy.

Histogram of Random Samples
For EO-1 Domain
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Fig. 2. Histogram summaries

The results show that the local search optimization was able to find strategies that
significantly improved on the expert strategies. We plot histograms (Figure 2) for
randomly selected strategies in the Comet Lander and EO-1 domains (where the ar-
rows on the histograms indicate key values: expert and learned strategies). These
show that the local search optimization techniques found very good strategies overall
in the space, among the best possible strategies.

The traces of the two local search techniques operating on each of the domains are
shown in the graphs below (e.g., deep sample utility versus iteration). The shapes of
these graphs (showing little early improvement) led us to believe that the expert
strategies are located in an area of local minima, or a valley, of the search space. In
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order to test this conjecture, we generated random walks in the strategy spaces. The
size of the domain gives us a high probability that a random walk will not cycle. The
results show that areas around the starting point perform poorly, and random, undi-
rected steps starting at the expert hypotheses produce little improvement. This data
(Figure 3, Figure 5) confirms that the expert strategies lay in a valley but that suffi-
cient gradient information existed to allow the learning to escape the valley. One
potential explanation could be that the variance of the problems from a single domain
requires a large amount of flexibility in the planner heuristics (e.g. stochasticity),
whereas the expert designed the set of heuristics such that it would choose a single
non-random strategy for each choice point every time, since the evaluation was on a
single instance of a domain.

Table 1. Summary utility results

Expert | Random Local Beam Genetic
Sample Search Search
Domain High |Mean |High (Mean | High (Mean
Comet

0.538 |0.531|0.461 |0.584 |0.549 |0.593 |0.569
Lander

EO-1(0.161 |0.341|0.196 |0.446 |0.426 |0.444 |0.382
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Fig. 3. Two random walks for the EO-1 domain. The first column is beam search, the second is
genetic algorithms

How did the local search techniques find their way out of the valley? Local search
algorithms are effective on these domains if the search spaces are smooth with respect
to the candidate hypothesis generation functions. Smoothness in a discrete domain
can be determined by measuring the difference in expected utility between adjacent
points with respect to a search step definition. If this difference is small compared to
the difference in expected utility between two randomly selected points in the search
space, this shows the relative smoothness of the two domains for the search algo-
rithms. For random search, adjacent points are any two vectors in the strategy space.
The mean difference in expected utility is measured between two adjacent points,
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where the initial point is a randomly generated hypothesis, and the adjacent point is
one step (as defined by the candidate hypothesis generation function) from that point.
Table 2 shows the adjacency information for the three different methods, which can
be considered a measurement of their smoothness. The mean difference between adja-
cent points shows that two adjacent points from a random sample have four to five
times larger difference in utility from adjacent points from the search steps. If the
difference in utility is much closer for adjacent points than for random points, a step
using search method with this property is likely to remain close to the previous step in
terms of utility, so local search methods have a greater chance of being effective.

Table 2. Mean and standard deviations for adjacent points for the three different search methods

Domain| Random Local Beam Genetic
Search Search Search
Mean| Std [Mean| Std | Mean| Std
Dev Dev Dev
Comet | 13500293 0.0086[0.0066 0.01340.0093
Lander
EO-1 {0.0442]0.0466]0.01140.0331{0.0145|0.0244
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Fig. 4. Two searches for the EO-1 domain. The first column is beam search, the second is ge-
netic algorithms

Although smoothness helps the local search technique step around the search space
effectively, using gradient methods is another gamble. We can guarantee by the
smoothness analysis that a step will most likely be within some []of the previous point,
but that does not guarantee that improvement using the gradient of that step will allow
us to predict the improvement for the next step along that gradient. The data suggests
that using gradient methods is effective in finding a path out of the valley, so we be-
lieve that some of this gradient information must be preserved in these domains (Fig-
ure 4 and Figure 6).
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Fig. 5. Two random walks for the Comet Lander domain. The first column is beam search, the
second is genetic algorithms
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Fig. 6. Two searches for the Comet Lander domain. The first column is beam search, the second
is genetic algorithms

4 Related Work, Future Work, and Conclusions

There is significant related work on efficient search techniques. The Q2 algorithm
optimizes the expected output of a noisy continuous function, but does not have guar-
antees on the result [12]. Response Surface Methods [2] have been applied to optimi-
zation problems in continuous domains, but require modification for discrete domains
(as in our planning heuristics domain). Evaluating control strategies is a growing area
of interest. Horvitz [9] described a method for evaluating algorithms based on a cost
versus quality tradeoff. Russell, Subramanian, and Parr [14] used dynamic program-
ming to rationally select among a set of control strategies by estimating utility, in-
cluding cost. MULTI-TAC [11] considers all k-wise combinations of heuristics for
solving a CSP in its evaluation, which also avoids problems with local maxima, but at
a large expense to the search.

Previous articles describing work in adaptive solving described general methods,
which have been developed for transforming a standard problem solver into an adap-
tive one. Gratch & Chien [7a] illustrated the application of adaptive problem solving
to real world scheduling problems and showed how adaptive problem solving can be
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cast as a resource allocation problem. Zhang and Dietterich used reinforcement learn-
ing to learn applicability condition for scheduling operators, using a sliding time win-
dow of applicability for those operators [16].

Our optimization approach is similar to learning a naive bayesian model using an
expectation Maximization approach [1,8]. One difference is that our model attempts
to minimize resource usage by updating the model after each sample, as opposed to
sampling in bulk, simply because of the high sample cost and the low cost to update
the model. Our approach is commonly called the frequentist approach, as opposed to
the Bayesian approach, since it does not rely on uninformative priors, and instead on
initial samples.

We have three major areas for future work. Currently, we are adding simulated an-
nealing cooling functions to determine how to adjust search rates, and if it is effective
in this type of search. We would like to test the effectiveness of meta-level learning
algorithms on this type of search space, to see if they can approximate the search
space and help to evaluate the search methods. Another interesting enhancement is to
use a portfolio approach, which combines heuristics and chooses which set to use
based on domain features judged statically or at run time. Additional work has been
proposed for hypothesis evaluation based on a different set of stopping criteria, which
can be resource bounded (specifically considering time as the resource), as in previous
works on a similar topic [6].

In this paper we have focused on selecting the planner strategy with the highest ex-
pected utility. However other aspects of the strategy might be relevant. For example,
consistent (e.g., predictable) performance might be desired. In this case probabilistic
decision criteria incorporating undesirability of a high utility variance strategy would
need to be used. In particular, the PAC requirement does not incorporate any prefer-
ence or disliking for high variance strategies.

This paper has presented an approach to optimization of expected values in a sto-
chastic domain is common in real world applications. Specifically, we presented an
approach based on local search of the optimization space. We presented empirical
results from an application to learning planner heuristics in which learned strategies
significantly outperformed human expert derived strategies. And we also presented
empirical evidence that these local search techniques performed well because smooth-
ness properties held in these applications.
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Abstract. This paper presents recent extensions to the GRT planner, a domain-
independent heuristic state-space planner for STRIPS worlds. The planner
computes off-line, in a pre-processing phase, estimates for the distances
between each problem’s fact and the goals. These estimates are utilized during a
forward search phase, in order to obtain values for the distances between the
intermediate states and the goals.

The paper focuses on several problems that arise from the backward heuristic
computation and presents ways to cope with them. Moreover, two methods,
which concern automatic domain enrichment and automatic irrelevant objects
elimination, are presented. Finally, the planner has been equipped with a hill-
climbing strategy and a closed list of visited states for pruning purposes.
Performance results show that GRT exhibits significant improvement over its
AIPS-00 competition version.

1 Introduction

In the last years, some very efficient heuristic planners for STRIPS [5] worlds, like
UNPOP [7], ASP [4], HSP [3], HSPr [2], GRT [11] and FF [8], have been presented.
These planners work in the space of the states, utilizing domain independent heuristic
functions to guide their search. The functions provide quite accurate values for the
distances between the intermediate states and either the initial state or the goals.
These estimates are computed either on-line, during the search process, or off-line, in
a pre-processing phase. Recently, heuristic planning became very popular among the
members of the planning community, due to its success in the planning competitions
(AIPS-98 and AIPS-00).

The above planners differ mainly in the direction in which they construct their
heuristic functions and in the direction in which they traverse the space of the states.
These two issues affect significantly the entire problem solving process, i.e. the time
needed to solve the problems and the quality of the resulting plans.

The most frequently adopted approach is to construct the heuristic function
forward and search for solving a planning problem also forward. This approach has
been adopted by the ASP/HSP and FF planners. According to this, in order to
estimate the distance between an intermediate state and the goals (while performing
forward search), a fast forward search in a relaxed problem, i.e. a problem where
actions do not have delete effects, is performed and the number of actions needed to
achieve the goals is considered to be this distance. The problem with this approach is
that the computation of the distance may take long time, since it has to be repeated for
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each state. The advantage is that the estimates obtained in this way can be, under
specific conditions, more informative than other approaches.

An alternative approach is to construct the heuristic and search for a plan in
opposite directions. This approach has been adopted by the UNPOP, HSPr and GRT
planners. Actually, HSPr constructs the heuristic forward and searches backwards,
while UNPOP and GRT construct the heuristic backwards and search forward. The
advantage of these approaches is that the heuristic is constructed once, in a pre-
processing phase, while it is exploited in the search phase for fast distance assignment
to the states (actually, UNPOP reconstructs the heuristic for each state, for better
estimates). The disadvantage of this approach is that, in some cases, the heuristic has
local optimal states (this also happens with the first approach, but more rarely, due to
the reconstruction of the entire heuristic function).

Concerning the last approach, the difficult part is always the backward direction.
The reason why this direction is problematic is because in most of the problems the
goals do not constitute a complete state description, so it is problematic to apply
actions to them. HSPr has problems in the search phase with invalid states that arise
when regressing the goals. On the other hand, GRT has problems with the heuristic
construction, because the incompleteness of the goals makes initially impossible the
application of actions to them.

In order to be self-contained, this paper starts with a brief presentation of the GRT
planner. Next, we discuss and compare several ways to enhance the goals, in order to
make them a complete or a super-complete state description. Then, two methods for
accelerating the planning process are presented. The first one concerns the enrichment
of the predicate set of a domain, while the second one concerns the elimination of
irrelevant to the planning problem objects from the problem description. Finally, we
present the adaptation of a hill-climbing strategy to the GRT planner, for quick action
selection and application. Comparative performance results show that GRT planner is
now significantly more efficient than its earlier version that took part in the AIPS-00
planning competition, and, in some cases, it outperforms FF, the planner that has been
awarded in the competition.

2 The Greedy Regression Tables Heuristic

In STRIPS, each ground action a is represented by three sets of facts: the precondition
list Pre(a), the add list Add(a) and the delete list Del(a), where Del(a) [ Pre(a). A
state s is defined as a collection of ground facts and an action a determines a mapping
from a state s to a new state s’=res(s,a). In the formalization used henceforth, the set
of constants is assumed to be finite and no function symbols are used, so the set of
ground actions is finite. An action a can be applied to a state s, if Pre(a) [J s. Then,
the resulting state s’ is defined as:

S’ = res(s,a) = s - Del(a) + Add(a) 1)

At the beginning of the problem solving process, in a pre-processing phase, GRT
estimates once the distances between each problem’s facts and the goals. During the
search phase, these estimates are used to further estimate the distance between each
intermediate state and the goals. Estimating the distance between two states either
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backwards or forward, often results in different values, since no heuristic is precise.
However, in case where the two states are complete, there is no reason why any of the
two directions should be preferred.

The estimation of the distances between the problem’s facts and the goals is
performed by repeatedly applying actions to the goals. Initially the goal facts are
considered as achieved and are assigned zero distances. Then, actions are applied to
the achieved facts, in order to achieve new facts. Henceforth, when it is noted that a
fact has been achieved, this means that it has been assigned a finite distance from the
goals. In this section, we consider that the goals are a complete state, so there is no
problem to apply actions to them. In the next section we treat the problem of
incomplete goal states.

In order to apply actions to the goals, the original problem’s actions have to be
inverted. Suppose an action a and two states s and s’, such that a is applicable in s and
s’ = res(s,a). The inverted action a’ of a is an action, such that s = res(s’, a’). The
inverted action is defined from the original action as it follows:

Pre(a’)=Add(a) + Pre(a) - Del(a)
Del(a’)=Add(a) 2)
Add(a)=Del(a)

GRT applies an inverted action a’, if all of its preconditions Pre(a’) have been
achieved. The newly achieved add effects Add(a’) of the inverted action are assigned
distances that are a function of the distances of Pre(a’). The way in which GRT
applies actions is stricter than a usual regression. In the usual regression, an action is
applied if a least one of its add effects is included within the facts of a state (here the
notion of state refers to all the achieved facts). However, this approach may lead to
achieving invalid facts and consequently invalid states. On the other hand, GRT
applies an inverted action, if all of its preconditions are within the set of the currently
achieved fact.

GRT continues applying inverted actions, until all the problem facts have been
achieved. The estimated distances are stored in a table, the rows of which are indexed
by the facts of the problem. We call this table the Greedy Regression Table (which
the acronym GRT comes from), since its data are obtained through greedy regression
of the goals.

The GRT heuristic considers the interactions that occur while trying to achieve
several facts simultaneously. To each ground fact p of a problem it is assigned not
only an estimate of its distance from the goals, but also a list of other ground facts {r,,
r,, ...}, which are potentially co-achieved while trying to achieve p. These are facts
that are added by some of the actions that achieve p and are not deleted by any
subsequent action. This list is called the list of related facts of p and is denoted as
rel(p). The estimate of the distance between a fact p and the goals is denoted as
dist(p).

The estimation of the distances from the goals and the construction of the lists of
related facts for all the facts of a problem are illustrated through the steps of
Algorithm 1 that follows:
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ALGORITHM 1: The main GRT algorithm

Description: This algorithm estimates the distances from the goals and the lists of related
facts for all the ground facts of a problem.

Input: The action schemas and the predicate definitions of a domain and the
objects of a problem.

Output: The distance estimate dis#(p) and the related facts rel(p) for each ground

fact p of a problem.
1. Construct the set Inv of all the inverted ground actions of
a problem.
2. Let F be the set of all the ground facts of the problem. For
each f F set dist(f)= +
3. Let Goals be the goal state of the problem. For each f [
Goals set dist(f)= 0 and rel(f)=

4. While (Inv 00 f0>0F . dist(f)= +[1) do:
a) Select an action a from Inv, such that q; Pre(a),
dist (qg;) <+
b) Let Cost = AGGREGATE(Q;,Qz,...), the estimate for the

number of steps needed to achieve simultaneously the
preconditions g; of a.
c) Let Add’(a) be the subset of the ground facts of Add(a)
that have not already been achieved:
Add’ (a)= { p; [J Add(a): dist(p;)= + }
For every p; | Add’(a), set dist(p;) = Cost +1.

d) For each fact p; [J Add’(a) compute the list of related
facts rel(p;) as the union of Pre(a), the 1lists of
related facts of a’s precondition elements, the other
elements in Add’ (a), excluding the facts in Del(a). More
formally:

rel(pi;) = ( i @) ( srel(a;)) Add’ (a) - Del(a)

e) Remove from Inv all the actions, whose facts in their
add-list have all been achieved.

Let us explain the steps of the algorithm. At each iteration an inverted action is
selected, the preconditions of which have all been achieved individually (step 4a).
Step 4b computes the cost of achieving them simultaneously, step 4c adds 1 to this
cost and assigns it to those add-effects of the action that have not already been
achieved. Step 4d constructs the list of related facts for the newly achieved facts and
finally step 4e removes from the set of the inverted actions, the actions that have not
any more facts to achieve. This is repeated until all the ground facts of the problem
have been achieved or the set of the inverted actions becomes empty (which is an
indication that there are facts with infinite distances from the goals).

The number of iterations performed by Algorithm 1 is bounded both by the number
of the ground facts of the problem (since, at each iteration, at least one fact is
achieved) and by the number of ground actions of the problem (since, at each
iteration, at least one inverted action is removed from Inv). The selection strategy for
the inverted actions, which is used in step 4a, affects the results. A good strategy is to
select the action with the minimum cost of its preconditions.

Next we present function AGGREGATE. The function takes as input a set of facts
{q,, q,, ..., q,}, together with their costs dist(g,) and their lists of related facts rel(q,),
and estimates the cost for achieving them simultaneously. This function is used both
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in the pre-processing phase, in order to compute the application cost of the inverted
actions, and in the search phase, in order to estimate the distance between each
intermediate state and the goals, i.e. the cost of achieving simultaneously the facts of
the intermediate state.

Function AGGREGATE

Description: This function estimates the cost for achieving a set of facts simultaneously,
by applying inverted actions to the goals.

Input: A set of facts {g,, q,, ..., q, }, their distances dist(g,) and their lists of related
facts rel(q,).

Output: An estimate of the cost of achieving the facts {g,, g,, ..., g,} simultaneously.

1. Let M; = { g1, 92/ ..., g }. Let Cost = 0.

2. While (M; O O) do:

a) Let M, be the set of facts g; [l M; that are not included
in any list of related facts of another fact g; of M,
without g; being also included in their list of related
facts. More formally:

My = { qi: q: My, g; U My, g U rel(gy) g; rel(qg;) }
b) Let M; be the set of those facts of M; that are not
included in M,, but are included in at least one of the
lists of related facts of the elements of M,.
M3 = { gi: gi 0 My - My, gy O M, g; 0 rel(qgy) }
c) Sum the distances of the facts of M,. For equivalence
classes of facts where each one is included in the list

of related facts of the others, consider their common
distance once. Add the result to Cost.

d) Let M; = M; - M, - M;.
3. Return Cost

In order to explain how function AGGREGATE works, we consider the following
example. Suppose that we have three (inverted) actions, a, a, and a, with the
following definitions:

a,:  Prec(a)=Goals, Add(a,)={q,}, Del(a,)={ }
a,:  Prec(a)={q,}, Add(a,)={q,}, Del(a,)={ }
a;:  Prec(a)={q, q,}, Add(a,)={q,}, Del(a,)={q,}

where Goals stands for all the goal facts and {q,, q,, ¢,} [J Goals = . Applying first
a, to the Goals, we find that dist(q,)=1 and rel(q,) = [J. Applying then a, we find that
dist(q,) = 2 and rel(q,) = {q,}. Finally, applying a, we find dist(q,) = 3 and rel(q,) =
{q,}.

We will use now function AGGREGATE in order to compute the cost of achieving
facts g,, g, and g, simultaneously. M, initially consists of three facts, M,={q,, ¢,, q,}.
In step 2a of the first iteration, M, is set equal to {qg,}, since g, is not included in any
list of related facts. The other two facts are not included in M,, since for example g, is
included in rel(q,), while g, is not included in rel(q,). Similarly, ¢, is included in
rel(q,), while g, is not included in rel(q,).
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In step 2b, M, is set equal to {q,}, since g, is the only fact that is included in rel(g,).
In step 2c, dist(q,) is added to Cost, so Cost becomes 3. Finally, in step 2d, M, is set to
M -M,-M,, so M, becomes equal to {g,}.

The second iteration starts with M, = {g,}, so consequently M,={q,} (step 2a) and
M=l (step 2b), Cost becomes Cost + dist(q,) = 4 (step 2c) and M, becomes empty
(step 2d). This is the last iteration and value 4, which is the actual cost for co-
achieving the three facts, is returned.

Note that, at each iteration, M, is partitioned in groups, such that the facts of each
group contain one another in their lists of related facts. The facts in each group have
all been achieved by the same inverted action and have the same distance. Step 2c
sums the costs of these groups.

The number of iterations that function AGGREGATE performs is bounded by the
initial size of M,, but usually, only a single iteration needs to be performed.

2.1 An Example

We illustrate the GRT phases with the blocks world problem of Figure 1. Part of the
Greedy Regression Table for this problem is shown in Table 1.

A
C B
A B C
I |
Initial State Goal State

Fig. 1. A 3-blocks problem
Let us compute the distance between the initial state and the goals. The initial state
consists of the following facts:
(on A table) (clear A) (on B table) (on C B) (clear C)

All the above facts are related, with the fact (on C B) being the last achieved. So
the distance of these facts is the distance of the last achieved, i.e. 3, which in this case
is also the actual distance.

Table 1. Part of the Greedy Regression Table for the 3-blocks problem

Distance from

Fact Related facts
goals
(on C table) 0 -
(onB C) 0 -
(on A B) 0 -
(clear A) 0 -
(on A table) 1 (clear B)
(clear B) 1 (on A table)
(on B table) 2 (on A table) (clear A) (clear B) (clear C)
(clear C) 2 (on A table) (clear A) (clear B) (on B table)
3

(on C B) (on A table) (clear A) (on B table) (clear C)
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The above approach is followed to estimate the distances between each
intermediate state, which arises during the forward search phase, and the goals. GRT
always selects to expand the state with the smallest estimated distance.

2.2 The Utility of the Related Facts

The notion of related facts is unique in GRT, since other similar planners, i.e. ASP
and HSP do not use it. Actually, these planners consider that the cost of achieving a
set of facts simultaneously is equal to the sum of the costs of achieving these facts
individually. However, this approach leads usually to overestimations.

With the introduction of the related facts we try to capture sequences of facts,
where each one is a pre-requisite to achieve the next one, without the former being
deleted. Performance results have shown to us that plans produced with the use of the
concept of related facts are better, both in solution time and in solution length, than in
the case of not using them. However, there are cases where exceptions to this general
rule arise. In Table 2 we present solution times and lengths for solving some logistics
prot;llems taken by the AIPS-00 competition, with and without exploiting related
fact

Table 2. Solution time/length with and without using related facts (time in msecs).

Problem With related facts Without related facts
LOGISTICS-10-0 270/47 320/47
LOGISTICS-10-1 220/43 280/43
LOGISTICS-15-0 660/86 1760/101
LOGISTICS-15-1 550/72 1810/87
LOGISTICS-20-0 1700/120 20820/122
LOGISTICS-20-1 1540/108 33010/113

3 Detecting and Completing Incomplete Goal States

The main problem in the backward construction of the heuristic is that the goals in
most of the problems do not constitute a complete state description. For example, in
the goals of the logistics problems it is not usually determined where the trucks and
the planes are. If the goal state is incomplete, it is impossible to apply the inverted
actions to it and therefore to construct the heuristic. The solution adopted in GRT is to
enhance the incomplete goal states with the missing facts that are not in contradiction
with the existing ones. For example, since the goal state of the ’ogistics.a’ [13]
problem does not determine at which airports the two planes are, it is supposed that
each one of the two planes could be at any one of the tree airports. So, the ground
facts:

' All the measurements in this paper have been taken in a machine having an AMD K6-II+
475MHz processor and 64MB memory, under the MS-Windows 98 operating system and the
MS-Visual C++ 6.0 compiler. The last version of the GRT planner is available at the URL
www.csd.auth.gr/~1pis/GRT/main.html
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(at planel pgh_air), (at planel bos_air), (at planel la_air),
(at plane2 pgh_air), (at plane2 bos_air), (at plane2 la_air).

could be added to the new goal state, referenced henceforth as the enhanced goal
state.

Two problems arise when trying to convert the goals to a complete state. The first
is how to detect the candidate facts that can be used to enhance the goals. The second
problem, which is the harder, is to select some of the candidate facts, which will be
used in order to enhance the goals. In the next two sub-sections we treat these two
problems.

3.1 Detecting the Missing Goal Facts

Concerning the problem of detecting which facts can be used for enhancing the goal
state, there are two automatic approaches. The first consists of a forward GRAPHPLAN-
like [1] pre-preprocessing phase, where all the binary mutual exclusion relations
among the facts of the problem are computed. After this computation, all the non-goal
facts that are not mutual exclusive with any goal fact are considered as candidates for
being included in the goals. This approach is presented in detail in [12]. Its advantage
is that no extra information is needed, apart from the usual STRIPS domain and
problem description. Moreover, mutual exclusion relations, which are not easily
recognized by a human expert, can be detected. Finally this approach can be also seen
as a coarse-grained reachability analysis for the various facts of the problem. The
disadvantages of this approach are that it is time consuming and that it does not detect
mutual exclusion relations of order higher than two.

The second approach is to use domain specific knowledge in the form of axioms.
For example, an axiom can state that a truck or a plane is always located at some
place. So, if the goals do not determine where a truck is, it can be deduced a set of
candidate final positions of the truck, using this axiom. The advantage of this
approach is that the time needed to deduce the candidate facts is negligible, compared
to the time needed for the rest of the planning process. Moreover, more complicated
relations than simple binary mutual exclusion ones can be encoded. The disadvantage
is that extra work is required in the domain encoding. However, there are several
approaches for automatic discovery of such domain axioms, with the DISCOPLAN [6]
system being the most known.

GRT planner uses the first approach to detect the missing goal facts. So, an
overhead in total solution time is imposed by the extra pre-processing work. The
burden of this work to the total problem solving time varies from less than 10% in
domains like blocks world, to more than 20% in domains like logistics. The
significance of this contribution depends on the difficulty of the domain, i.e. how
much time is consumed by the search phase. Logistics problems are easier than blocks
world problem, so in these problems the overhead due to the extra pre-processing
work is more sensible. In the future, we intend to adopt an automatic detection of
domain axioms method, using analysis of the action schemas and the initial state, in a
DISCOPLAN like way, in order to avoid this burden in the total problem solving time.

Table 3 presents the total time needed to solve some of the AIPS-00 planning
competition problems and the amount of time spent in the mutual exclusion relations
detection. Note than the measurements have been taken with the best search strategies
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for each domain, i.e. hill-climbing for the logistics problems and best-first search for
the blocks world and freecell problems (see Section 6 for the supported search
strategies).

Table 3. Time needed to detect the missing goal facts in several problems and domains
(time in msecs).

Detect missing

Problem Total time . Ratio
goal facts time
probLOGISTICS-15-1 660 150 22, 7%
probLOGISTICS-30-1 9610 1480 15,4%
probBLOCKSS-0 380 50 13,1%
probBLOCKS9-0 1760 50 2,9%
probBLOCKS10-0 830 110 13,2%
probFREECELL-5-1 13020 5310 40,8%
probFREECELL-6-1 84040 6350 7,6%

3.2 Completing the Goals

After the detection of the missing goal facts, some of them have to be selected in
order to complete the goals. For example, in the case of problem ’logistics.a’, where
the goals do not determine where planel is located, a selection has to be made among
the candidate facts:

(at planel pgh_air), (at planel bos_air), (at planel la_air)

GRT supports three different methods, each one of them having different
advantages in terms of solution time and quality. These are the following:

1. Select all the facts.
2. Favor initial state facts.
3. Favor the most promising facts, according to the goals.

The first method considers all the candidate facts as goal facts and assigns to them
zero distances from the goals. It is obvious that the enhanced goal state that is
obtained in this way is not a valid state, since it may contain new facts that are mutual
exclusive to each other. The advantage of this approach is that the heuristic
computation is very fast, since many facts are achieved at the beginning of the
heuristic construction phase and many actions can immediately be applied. The
disadvantage of this approach is that the obtained heuristic is less informative, since
there is little differentiation in the obtained estimates. The search strategy shares
elements from both the best-first and the breadth-first one, it consumes more time but
it produces in general better plans than the next two methods.

The second method selects to add to the goals those candidate facts that are also
included in the initial state. For example, if planel was initially in pgh_air, then the
fact (at planel pgh_air) is added to the enhanced goal state, while the facts (at planel
bos_air), (at planel la_air), which are mutually exclusive with the selected fact, are
rejected. The advantage of this method, with respect to the previous one, is that it
results in greater differentiation among the obtained estimates and, consequently, in a
faster search phase. On the other hand, favoring the initial state facts is a risk, because
if they are not actually included within the goals, the search process may get
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disoriented, leading to longer plans. However, if there are facts (actually objects’
properties) that are not needed for solving a problem, this approach lets them
unaffected, thus facilitating the search process.

The third method tries to combine the advantages of the first two. In contrast to
them, where the enhancement of the goals is performed in a single step, before the
construction of the heuristic, this method adds facts to the goals in a progressive
manner, in parallel with the heuristic construction. Actually, new facts are added to
the enhanced goal state only in the case where no new applicable inverted actions
exist. In this case one or more of the candidate facts are assigned zero distances, until
a new inverted action satisfies its preconditions.

The way in which the candidate facts are selected is not random, but there are some
rules that favor specific facts among others. Specifically, facts that can be combined
with already achieved facts in order to make an inverted action applicable are
preferred. The following four rules are applied in decreased preference:

[J First are selected the facts that can be combined with the original goal facts.

[J Next are selected the facts that can be combined with other already achieved facts.
[J Next are selected the facts that are included in the initial state.

[J Finally, the remaining candidate facts are selected in a random way.

This method can take also advantage of the information of the actions that firstly
achieved the facts during the forward GRAPHPLAN-like phase, where the mutual
exclusion relations were computed. So, the first two of the above rules give priority to
the candidate facts that render applicable the actions which achieved forwards the
already achieved facts. Note that in all cases, when a candidate fact is selected, other
candidate facts that are mutually exclusive with the selected one are removed from the
set of the candidate facts.

The third method is the default method of the GRT planner and results in general
to the best solution times, producing also in many cases equal or better plans than the
other two methods. However, especially in terms of plan quality, there are many
exceptions that depend on the specific problem. In general, it is not difficult to
construct problems for any one of the methods presented above, where the method
performs better than the others.

Table 4 presents performance results in terms of solution time and length for the
above three methods and for several logistics problems used for the AIPS-00
competition. As we can see, best solution times are obtained by the second and the
third method, while the first one is always the slowest. Concerning solution length,
we can see that the three methods have uniform behavior, each one of them being
better in some problems. For all the problems of Table 4 a best-first strategy has been
used.

In other domains, like the blocks world, the freecell or the miconic-10 ones from
the AIPS-00 competition, or the gripper and the movie domains from the AIPS-98
competition, the goals are complete or near-complete state descriptions, so in these
domains the method selected for goals completion plays no significant role. In other
domains, like the mystery one (AIPS-98), the only acceptable strategy for goal
completion is the first one, since many of the candidate facts are really unreachable.
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Table 4. Solution time/length for the three goals completion methods (time in msecs)

Problem All facts Initial facts Most promising
favored facts
ProbLOGISTICS-13-0 1980/82 1380/85 1650/87
ProbLOGISTICS-13-1 1480/67 1100/66 1150/69
ProbLOGISTICS-14-0 1760/65 990/61 1090/66
ProbLOGISTICS-14-1 1590/76 1210/79 1260/77
ProbLOGISTICS-15-0 1980/82 1810/83 1370/83
ProbLOGISTICS-15-1 4880/72 1270/75 1260/72
ProbLOGISTICS-20-0 33890/118 3760/120 3630/114
ProbLOGISTICS-21-0 49540/113 3400/114 4510/110

Note finally that the enhanced goal state is used only in the pre-processing phase,
when the heuristic function is constructed. During the search phase the planner tries to
reach a state where only the original goals are included. So, completeness is never
lost. However, the way in which the heuristic function has been constructed favors
implicitly specific search paths and thus it may disorient the search process.

4 Domain Enrichment

In this section, we present an approach adopted by the GRT planner, in order to cope
with poor domain descriptions. With the word ’poor’ we refer to domains where
negative facts are implicitly present in the initial state and in the preconditions of the
actions. We faced this problem twice, with the movie domain of the AIPS-98
competition and with the miconic-10 domain of the AIPS-00 competition.

Let us consider first the miconic-10 domain. In this domain, there is an elevator,
several floors and several passengers. Each passenger is in an initial floor and has to
be moved to her/his destination floor. This domain is described by four action
schemas, the (board floor ?passenger) and (depart ?floor ?passenger) for boarding
on and leaving the elevator and the (up ?floorl ?floor2) and (down ?floorl ?floor2)
for moving the elevator.

Action (board floor ?passenger) is defined by the following formula:
(:action board
:parameters (?f ?p)
:precondition (and (floor ?f) (passenger ?p)
(lift-at ?f) (origin ?p ?f))
:effect (boarded ?p))

As we can see, the only dynamic predicate in the definition of action board is
predicate boarded, which denotes that the passenger has boarded the elevator,
whereas all the preconditions of this actions are static. The problem with this kind of
action definition is twofold. First, the action can be applied many times for the same
passenger in the same plan, i.e. a passenger may board the elevator although she/he is
already boarded! Second, and more specific to GRT, there is no mention that a
passenger has not boarder. Actually, the initial state contains implicitly a fact for each
passenger denoting that he/she is not yet boarded. However, this is not stated
explicitly, while GRT takes into account only explicitly stated facts when computing
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distances between states and the goals. So, the initial states of the miconic-10
problems contain only static facts, which are not removed in the successor states, and
thus they are assigned zero distances from the goals!

What is needed is the definition of a new predicate, for example not_boarded.
Facts of this predicate should be added to the initial state, denoting that each
passenger has not boarded. Moreover, action board should be changed accordingly, in
order to include these facts in its preconditions and remove them after its application.

GRT performs the above transformations at run-time. The identification of the
above situation is performed in a way similar to the identification of the incomplete
goals. In this case, GRT looks for dynamic facts of a problem that are not mutual
exclusive with any initial state fact. If this happens, the negative facts of the identified
ones are defined at run-time and added to the initial state. Furthermore, the actions
that add the positive facts are transformed, so that the negative facts appear in their
preconditions and delete effects.

In the miconic-10 domain this situation arises with the board and depart actions
and the boarded and served predicates. GRT defines the not_boarded and not_served
predicates at run-time, it enhances the initial state with facts determining that each
passenger is neither boarded nor served yet and actions board and depart are
transformed accordingly. For example, action board is transformed to the following
definition:

(:action board
:parameters (?f ?p)
:precondition (and (floor ?f) (passenger ?p)
(lift-at ?f) (origin ?p ?f) (not boarded ?p))
:effect (and (not (not boarded ?p)) (boarded ?p))

A similar situation arises in the movie domain of the AIPS-98 competition. In this
domain, the goal is to have enough snacks in order to watch a movie. There are
several actions of the form:

(:action get-chips
:parameters (?x)
:precondition (and (chips ?x))
:effect (and (have-chips)))

This action has as precondition the static fact (chips ?x) and produces the dynamic
fact (have-chips). The action can be applied several times, however once only is
enough to achieve the goal of having chips. The problem in this domain is that the
initial state implicitly declares that we do not have chips (and dips and pops etc), but
no specific dynamic facts make this clear. So, in case where no domain enrichment
process takes place, GRT would assign to the initial state a zero distance from the
goals.

In this case GRT detects that there are problem facts, like (have-chips), (have-dips)
etc, that are not mutual exclusive with any fact of the initial state, it defines their
negative facts, it adds them to the initial state and it transforms accordingly the
actions.

In both of the domains mentioned in this section, the GRT planner without the
domain enrichment technique cannot solve the problems but some of the easiest ones.
On the other hand, using this technique it can solve all the problems quite easily.
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5 Eliminating Irrelevant Objects

In many domains there are objects that are irrelevant to any solution. The most typical
examples can be found in the transportation domains, like logistics, mystery or
miconic-10, where some packages are initially in their destinations, or for which no
specific destination is determined. If we remove these objects, together with all the
facts and actions where these objects appear, from the problem description, we gain in
terms of efficiency due to the reduced size of the problem, whereas we do not lose
completeness.

We developed in GRT a method that detects and removes irrelevant objects, which
do not necessarily appear in any solution. The method concerns pure STRIPS
domains without negation in the preconditions of the actions or in the goal formula,
however it can be easily extended to cover these cases. The objects are identified
before the pre-processing phase, using the following two rules:

An object is irrelevant to any solution of a specific planning problem if:

[J It does not appear in any fact of the goals, except for the case where the same fact
is also included in the initial state, and

[J there is no action having this object in its preconditions, except for the case where
the object appears also in all of the action’s effects.

The above conditions are very strict, but they ensure that any detected object is
certainly irrelevant, so they preserve the completeness of the problem solving process.

Proposition. Any object satisfying the above rules can safely be removed from the
problem description, without sacrificing the completeness of the problem solving
process.

Proof: Suppose that we have identified an object obj for which the above two rules
hold. We will show that this object is not necessary for achieving any other goal fact.
Suppose that there is a goal fact g [J Goals not containing obj. Suppose also that there
is an action that achieves g, which has a precondition containing obj. In this case, the
second rule is violated, since there is an action having obj in its preconditions, without
obj appearing in all of its effects. So, fact g can be achieved only by actions that do
not have preconditions depending on obj. Thus, if we regress g using an action, the
produced subgoals would not contain obj. However, in the same way we can reject
actions that have obj in their preconditions and achieve other non-goal facts that do
not contain obj, i.e. the subgoals produced after g's regression. So, 0bj is not necessary
for achieving any goal or subgoal of the problem. On the other hand, there is no fact
containing obj within Goals, that has to be achieved, or if there is one, it is already
present in the initial state, according to the first rule. So, obj can safely be removed
from the problem description. u

With the above rules we can safely and fast identify irrelevant objects in several
domains. We present the efficiency of the above technique with some logistics
problems from the AIPS-00 competition, where we added colors. More specifically
we added a dynamic predicate (painted ?object ?color) denoting the color of a
package, a static predicate (color ?color) for the definition of the available colors and
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an action (paint ?object ?0ld_color new_color) for changing the color of a package.
We defined four colors and we assigned a color to each package of the initial state.
The goal state does not determine the colors of the packages. So, in this case the
colors are irrelevant objects and can safely be removed, along with all the facts and
actions that include colors. We ran GRT with and without the irrelevant objects
elimination technique on these problems and the results are shown in the Table 5.

Table 5. Solution time/length with and without eliminating irrelevant objects.

With irrelevant Without irrelevant
Problem . o e . . o e .

object elimination object elimination
probLOGISTICS-13-0 3840/82 5870/82
probLOGISTICS-13-1 2690/67 4070/67
probLOGISTICS-14-0 3070/65 3790/65
probLOGISTICS-14-1 2860/76 3290/76
probLOGISTICS-15-0 3570/82 4120/82
probLOGISTICS-15-1 3240/72 3780/72

The application of the two rules for the elimination of the irrelevant objects can be
done in a progressive manner. Suppose that in the example with the colored packages
there are also brushes that have to be used in order to perform the paint operation. So,
there are two new actions, (get ?brush) and (leave ?brush) and the predicate (have
?brush), which is an add effect of the ger action. The predicate (have ?brush) is also a
precondition in the enhanced action (paint ?package ?color ?brush). In this case, the
brushes are also irrelevant and should be removed from the description of the
problem. However, since action paint needs brushes and has effects that do not
contain brushes (i.e. (painted package Icolor) ), brushes are not removed, due to the
violation of the second rule. However, after removing all the color objects, the paint
actions are also removed, so brushes do not violate the second rule for the remaining
actions and can be removed safely.

The disadvantage of the proposed is approach for the elimination of irrelevant
objects is that it does not remove objects that can eventually appear in a plan, but for
which there are other better (i.e. shorter) plans that do not need these objects. For
example, in the logistics domain, suppose that we have three cities, cityl, city2 and
city3, each one of them having a truck to move packages between its various
locations, there is a plane that can fly between the airports of the cities and a package
that has to be moved from a location of city! to a location of city2. In this case, city3,
together with its locations and its truck are not necessarily needed to solve the
planning problem, since the package can be moved directly from cityl to city2,
without going via city3. However, it is not easy to detect the irrelevance of city3.
Actually, there are plans that move the package from cityl to city2 through city3. If
we decide to remove city3 and its objects from the domain representation, we take the
risk of sacrificing completeness, since probably the problem may become unsolvable.
Deciding safely that ciry3 and its objects can be removed, without sacrificing
completeness, can be as hard as solving the original problem itself.

Another approach for ignoring irrelevant facts and actions (not objects) has been
proposed some years ago in [10]. In this work the elimination is based on heuristics
that approximate a plan by backchaining from the goals and ignoring any conflict.
However, this approach, although achieving more elimination, is not solution
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preserving and sacrifices completeness. Furthermore, this approach may be more time
consuming, since it demands the construction of an initial approximate plan.

6 Hill-Climbing Strategy

We equipped the GRT planner with a second, optional search strategy, the well-
known hill-climbing. Other heuristic state-space planners, like HSP and FF, take
advantage of this strategy, which sacrifices completeness in order to gain efficiency.

In our implementation, at each intermediate state the hill-climbing strategy looks
for an action to be added at the end of the current plan, such that the resulting state
has a smaller estimated distance from the goals than the previous one. GRT does not
try all the applicable actions to the state, but only those actions that achieved the facts
of the state during the backward heuristic construction phase. This is similar to the
’helpful’ actions of the FF planner, although in the case of GRT it is not sure that all
the tried actions are applicable. In case where no better state is found, the rest of the
applicable actions to the current state are tried. If again no better state is found, a
bounded breadth-first search is performed, with a maximum depth defined by the user
(the default value is 6).

As soon as an improving state is found, the actions are added to the end of the
current plan and the hill-climbing search continues from the new state. In case where
the bounded breadth-first search does not find a solution, GRT starts from the initial
state with the best-first search algorithm, which is complete.

Table 6 presents performance results for some logistics and miconic-10 problems,
using the hill-climbing and the best-first strategies. As for the logistics problems the
most promising facts goal completion method has been used, whereas for the miconic-
10 problems the all facts one.

Table 6. Solution time/length for the hill-climbing and the best-first strategies for several
logistics and miconic-10 problems (time in msecs).

Problem Hill-climbing Best-first
LOGISTICS-15-0 660/86 1270/83
LOGISTICS-15-1 550/72 1370/72
LOGISTICS-20-0 1700/137 6210/114
LOGISTICS-20-1 1490/114 3570/110
LOGISTICS-25-0 3960/166 88820/158
LOGISTICS-25-1 3960/177 79800/158

MICONIC-10-0 440/34 490/34
MICONIC-20-0 2970/70 3570/70
MICONIC-30-0 20370/101 27470/101

As we can see, in the logistics problems the acceleration of the hill-climbing
strategy is significant, especially in the large problems. The cost for this acceleration
is the longer plans. In the miconic-10 problems the acceleration is less significant,
while the plans found by the two search strategies are identical.

Results for other domains, like blocks world and freecell, are not presented, since
in these domains the hill-climbing strategy changes quickly to the best-first one, due
to the inability to find improving successor states.
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7 Performance Results

In this section, we present new performance results of the GRT planner for some of
the AIPS-00 planning competition problems. We compare the planner to its previous
version that took part in the competition, and to FF, which has been awarded in the
domain independent planning track.

The new features of the GRT planner are the following:

[J Several ways to complete the goals.
[J Irrelevant objects elimination.

[J Hill-climbing strategy.

[J Closed list of visited states.

All the measurements have been taken in an AMD K2+ 475 MHz computer,
having 64 MB memory, under the MS-Visual C++ 6.0 compiler. We compiled the
planners with the ‘maximize for speed’ option /O2 (in the AIPS-00 competition GRT
was running without any compiler optimization). The source code of GRT is available
at www.csd.auth.gr/~lpis/GRT/main.html, while the source code of FF is available at
http://www.informatik.uni-freiburg.de/~hoffmann/ff.html (special thanks to Joerg
Hoffman for making his code available).

Table 7 presents comparative results in some logistics problems. We ran the new
GRT with the all facts goals-completion method, since we observed that with the hill-
climbing strategy there is no significant difference in the planning times, while there
is a difference in the plan lengths, for the various goals-completion methods. The new
GRT planner is in many cases faster than FF, however FF produces in general shorter
plans. In this domain, the acceleration of the new GRT to the old one is mainly due to
the hill-climbing strategy. Short dashes indicate that no solution is found after 5
minutes.

Table 7. Indicative solution time/length results for some logistics problems (time in msecs).

Problem Original GRT New GRT FF
LOGISTICS-10-0 500/46 270/46 270/46
LOGISTICS-10-1 440/43 220/43 220/42
LOGISTICS-20-0 58330/118 1700/120 2410/118
LOGISTICS-20-1 48890/113 1540/108 1640/111
LOGISTICS-30-0 - 10220/198 10930/186
LOGISTICS-30-1 - 9610/208 20550/200
LOGISTICS-40-0 - 60750/252 55200/251
LOGISTICS-40-1 - 63330/250 112050/241

Table 8 presents comparative results in some blocks world problems. In these
problems the goals are complete state descriptions, so it makes no difference which
goals-completion method is used. GRT cannot solve these problems with the hill-
climbing strategy and after some trials it turns to the best-first strategy. In the blocks
world problems the original GRT failed to solve most of the problems, except for
some of the easiest. The new GRT takes advantage of the closed list of visited states
and performs efficient pruning, thus it solves more problems. However, there remain
problems that are unsolvable.
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The GRT heuristic is inefficient with this kind of blocks world domain definition,
i.e. using the actions stack, unstack, push and pop. The difficulty comes from the fact
that all the movements are performed in two steps and the intermediate state with the
block being held by the arm is common for many different movements. So there is
very little differentiation in the estimated distances between the facts and the goals. If
move actions were used instead, GRT would produce much better plans and would
solve larger problems.

FF performs well in this domain and this is due to a technique called Added Goal
Deletion, according to which the goal facts are ordered and achieved in a progressive
manner [8, 9]. This technique is especially suited for the blocks-world domain and the
4-operators representation. However, this technique does not always succeeds to
produce good orderings and this is the reason why FF fails to solve some of the
easiest problems, which have been solved by GRT.

Table 8. Indicative solution time/length results for some blocks world problems (time in
msecs).

Problem Original GRT New GRT FF
BLOCKS-6-0 820/36 110/40 50/20
BLOCKS-6-1 710/18 50/15 50/10
BLOCKS-6-2 1100/32 110/32 60/20
BLOCKS-7-0 1890/22 160/22 110720
BLOCKS-7-1 89620/56 220/56 110722
BLOCKS-7-2 243760/52 270/48 280/22
BLOCKS-8-0 > 5 mins 380/38 110/18
BLOCKS-8-1 95450/44 330/44 -
BLOCKS-8-2 19560/50 280/50 50/16
BLOCKS-9-0 - 1760/116 -
BLOCKS-9-1 - 1710/104 220/28
BLOCKS-9-2 560 280/44 110/26

BLOCKS-10-0 - 830/108 110/34
BLOCKS-10-1 - 61950/108 3790/38
BLOCKS-10-2 - 49760/124 270/34
BLOCKS-11-0 - 550/50 110/34
BLOCKS-11-1 - 2530/134 -
BLOCKS-11-2 - 2030/128 170/34
BLOCKS-12-0 - 43610/114 940/44
BLOCKS-12-1 - 47790/68 160/34
BLOCKS-13-0 - - 220/41
BLOCKS-13-1 - - -
BLOCKS-14-0 - - 220/40
BLOCKS-14-1 - - 720/42
BLOCKS-15-0 - - -
BLOCKS-15-1 - - 330/52
BLOCKS-16-1 - - -
BLOCKS-16-2 - - 280/52

BLOCKS-17-0 - - -
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Table 9. Indicative solution time/length results for some freecell problems (time in msecs).

Problem Original GRT New GRT FF
FREECELL-2-1 2360/10 2200/9 490/9
FREECELL-3-1 4780/25 4230/16 1210721
FREECELL-4-1 - 6650724 3740/26
FREECELL-5-1 - 13020729 5220/37
FREECELL-6-1 - 84040/38 11320/43
FREECELL-7-1 - 60590/47 8950/48
FREECELL-8-1 - 40480/54 20320/48
FREECELL-9-1 - 37460/64 17080/73

FREECELL-10-1 - 150730/89 103590/87

Table 9 presents some results from the freecell domain. Also in this domain, the
original GRT failed to solve problems due to the absence of a closed list of states. The
new GRT planner succeeds to solve almost all problems (the correction of some bugs
concerning the instantiation of the actions in the original GRT has been proved very
helpful in this domain). Concerning solution time, FF performs better. However,
concerning solution length, most of the times GRT finds better plans.

Finally, Table 10 presents performance results in the miconic-10 domain. In this
domain, the original GRT planner is slower than the new one, mainly due to the
different search strategies, however the two versions produce exactly the same plans.
FF is faster by a constant factor of about 3.

Table 10. Indicative solution time/length results for some miconic-10 problems (time in

msecs).

Problem Original GRT New GRT FF
MICONIC-15-0 2190/49 1260/49 330/46
MICONIC-20-0 5440/70 2970/70 1020/64
MICONIC-25-0 19060/88 7880/88 2250/89
MICONIC-27-0 28010/95 11140/95 2750/89

8 Summary

This paper presented recent extensions to the GRT planner, a domain independent
heuristic state-space planner for STRIPS worlds. In a pre-processing phase GRT
computes estimates for the distances between each fact of a problem and the goals.
These estimates are used to further estimate the distances between the states of the
state-space and the goals, thus guiding the search process in a forward direction.

The paper treated four different issues. First, several methods for detecting and
completing incomplete state descriptions have been presented. The reason for this
work was the need to complete the usually incomplete goal states, to make it possible
to apply actions to them, in order to construct GRT’s heuristic. We presented two
methods for detecting candidate goal facts, one based on a GRAPHPLAN-like mutual
exclusion relations computation phase and one based on the exploitation of domain
axioms. Moreover, we presented three methods to select some of the candidate facts,
in order to be included in the goals.

Next, an approach for enriching poor domain representations has been presented.
This method can be applied successfully in domains, where negative predicates are
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implicitly present in the initial state and in the preconditions of the actions. We
presented how these predicates can be detected and how a domain can automatically
be enriched, in order to represent them explicitly.

Next we presented a rigorous method for detecting and eliminating irrelevant
objects, together with the facts and the actions where the irrelevant objects appear.
The method is based on analyzing the initial state, the goals and the actions and is
solution preserving.

Finally, we enhanced the GRT planner with a hill-climbing strategy and with a
closed-list of visited states. Performance results for the new GRT planner have shown
its superiority against its earlier version, which took part in the AIPS-00 planning
competition. Moreover, GRT has been compared to the FF planning system, which
has been awarded in the domain independent track of the last competition. The
measurements have shown that the two planners are very close to each other, however
in many cases FF remains faster.

References

1. A. Blum and M. Furst, Fast Planning Through Planning Graph Analysis, Artificial
Intelligence 90 (1997) 281-300.

2. B. Bonet and H. Geffner, Heuristic Planning: New Results, in: Proceedings 5" European
Conference on Planning, Durham, UK, LNAI 1809, Springer (1999), pp. 360-372.

3. B. Bonet and H. Geffner, HSP: Heuristic Search Planner, entry at the AIPS-98 Planning
competition, Pittsburgh, 1998.

4. B. Bonet, G. Loerincs and H. Geffner, A robust and fast action selection mechanism for
planning, 14" Intl. Conf. of the AAAIL Providence, AAAI Press, 1997, pp- 714-719.

5. R.E. Fikes and N.J. Nilsson, STRIPS: A new approach to the application of theorem
proving to problem solving, Artificial Intelligence 2 (1971) 189-208.

6. A. Gerevini and L. Schubert, Inferring State Constraints for Domain-Independent
Planning, 15th International Conference of the AAAI, Wisconsin: AAAI Press, 1998, pp.
905-912.

7. D. McDermott, Using regression-match graphs to control search in planning, Artificial
Intelligence 109 (1-2) (1999) pp. 111-159.

8. J. Hoffmann, A Heuristic for Domain Independent Planning and its Use in an Enforced
Hill-climbing Algorithm, Technical Report No. 133, Institut fiir Informatik, Freiburg,
January 2000.

9. J. Koehler, and J. Hoffmann, On Reasonable and Forced Goals Orderings and their Use in
an Agenda-Driven Planning Algorithm, Journal of Artificial Intelligence Research,
12(2000) pp. 339-386.

10. B. Nebel, Y, Dimopoulos and J. Koehler, Ignoring Irrelevant Facts and Operators in Plan
Generation, 4" European Conference on Planning, 1997.

11. I Refanidis and 1. Vlahavas, GRT: A Domain Independent Heuristic for STRIPS Worlds
based on Greedy Regression Tables, 5" European Conference on Planning, Durham, UK,
LNAI 1809, Springer (1999), pp. 347-359.

12. 1. Refanidis and I. Vlahavas, On Determining and Completing Incomplete States in
STRIPS Domains, IEEE International Conference on Information, Intelligence and
Systems, Washington, US, 1999, pp. 289-296.

13. M. Veloso, Learning by Analogical Reasoning in General Problem Solving, Ph.D. diss.
Computer Science Dept., Carnegie Mellon Univ. (also available as techincal report: CMU-
CS-92-174), 1992.



Incremental Local Search for Planning Problems

Eva Onaindia, Laura Sebastia, and Eliseo Marzal

Dpto. Sistemas Informaticos y Computacion
Universidad Politecnica de Valencia
Camino de Vera s/n, 46022 Valencia, Spain
{onaindia,lstarin,emarzal}@dsic.upv.es

Abstract. We introduce a new approach to planning in STRIPS-like
domains based on an incremental local search process. This approach
arises as an attempt to combine the advantages of a graph-based anal-
ysis and a partial-order planner. The search process is carried out by
a four-stage algorithm. The starting point is a graph, which totally or
partially encodes the planning problem. The aim of the second phase is
to obtain a first set of actions of a solution plan, the third stage guaran-
tees the completeness and optimality of the generated solution and the
fourth stage, a partial-order planner, completes the process by finding
the missing actions of the final solution plan, if any.

1 Introduction

Graphplan-like or SATPLAN-like planners have shown to outperform classical
planners for most of the standard planning domains. However, these two propo-
sitional approaches do not exhibit good results for large-sized problems due to
the size of the graph they have to deal with. We tested STAN [3] and Blackbox
[6] on large problems from the blocksworld domain and noticed that none of them
were able to solve problems involving more than fifteen blocks.

Our motivation is to develop a new planning approach, which also offers
a good performance for large-sized problems. In order to tackle this issue, we
introduce a search method, which integrates a technique that incrementally ex-
ploits the problem knowledge and a Partial-Order Planner (POP). Our method
is executed in four stages:

— The aim of the first stage is to generate a graph containing a set of actions.
This graph may include all actions of a solution plan.

— The result of the second stage is a more refined graph which only contains
a subset of actions which will necessarily appear in a correct solution.

— The third stage takes the solution obtained from the previous stage and
returns a new improved partial plan. The purpose of this stage is to guarantee
the completeness and optimality of the generated solution, i.e., to ensure that
(a) this partial solution will eventually lead to a final plan, if a solution exists
for the given problem, and (b) the plan will be optimal. This is achieved by
finding a partial consistency order between the action nodes in the graph.

A. Nareyek (Ed.): Local Search for Planning and Scheduling, LNAT 2148, pp. 139-{I57 2001.
© Springer-Verlag Berlin Heidelberg 2001
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At this stage unsolvable problems are detected and optimal solutions are
found. In some cases, the graph resulting from this phase will comprise all
the actions of a final solution plan.

— The fourth stage implements a POP which is aimed at adding the missing
actions for the final plan and finding a total ordering relation among all the
actions in the plan.

We present here a local search approach to planning which, starting from an
initial graph generated from the problem, iteratively improves the partial plan
contained in this graph. The second stage obtains a plan which may be a final
valid solution or which possibly contains some unsatisfied preconditions and/or
inconsistent ordering relations between actions. Then the third and fourth stages
repair the flaws in the plan by choosing the “best” choice for each flaw. This is
done by applying different criteria based on the graph properties and heuristics
to measure the appropriateness of one choice with respect to another.

2 Creating the Problem Graph

The first phase of the algorithm creates a graph inspired in a Graphplan-like
expansion. This graph, named Problem Graph (PG), may partially or totally
encode the planning problem. The PG is a directed, layered graph with two
kinds of nodes (literals and actions) and two kinds of edges (precondition-edges
and add-edges). The levels alternate action levels containing action nodes and
literal levels containing literal nodes.

— An action level A; consists of all action instantiations a;; which satisfy these
two requirements:
o all the preconditions of a;j are present in the previous literal level L;_;
and
e aj;, does not occur in any previous action level

— A literal level L; is a set of propositions implictly representing the different
world states reachable after executing the actions in_A;. More specifically,
the set of literals in L; is defined as L;_; U AddEfF(a)E Ya € Aj, being a an
action instantiation in A;.

The first level in the PG is the literal level Ly and it is formed by all the
literals in the initial situation. A; consists of all action instantiations which are
applicable in Lg. Ly is the set of literals in Lg plus the add effects of each action
in A; and so forth. The PG creation terminates when a literal level containing
all the literals from the goal situation is reached in the graph or when no new
actions can be applied.

It must be noticed that a PG is neither a state-space graph nor a Planning
Graph [I]. There are two main differences with respect to a Planning Graph:

1 AddEff, DelEff and Pre stand for the add effects, delete effects and preconditions of
an action respectively.
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a) Levels in the PG do not stand for time steps but for instantiation steps which
can comprise more than one execution step. An action level A; denotes that
all the actions in A; will be executed at a time step ¢t > j, and at least one
action from A;_; must be executed firstly.

b) Our PG does not take into account mutual exclusion relations between ac-
tions, so two actions in a level may interfere with each other, be comple-
mentary or independent actions. The PG is created by a forward-chaining
process which simply adds the positive effects of actions.

For all the tested domains (see Section[H), except the hanoi problem, all the
necessary actions of a valid solution already appeared in the PG. This cannot be
always guaranteed because, as it was said above, the PG generation terminates
when all the literals from the goal situation are present in a literal level, even
though additional actions could be applied in this final level. The way of creating
the PG ensures that the majority of propositions that would be generated with
a systematic search method are obtained once the final literal level is reached.

The advantage of the PG is that its size is much smaller than the Planning
Graph and the cost of creating this graph is hardly appreciable even when dealing
with large-sized problems.

In the following, we illustrate the process of creating the PG for the Sussman
anomaly problem in the blocksworld domain. Table[[lshows the initial literal level
L which consists of one node for each proposition in the initial situation. Action
level A; contains the two applicable actions in the initial situation, unstack C A
and pickup B, and L; all the literals at Lg plus the add effects of the two actions at
Aj. The column to the right of A; shows the numbers given to the preconditions
and add effects of each action (P stands for preconditions and E stands for
effects).

The process carries on with action level Ay (Table 2). At this level, seven
action instantiations, different from those in Ay, are found. The literal level Lo
is created by adding the add effects of the actions at Ay (literals numbered from
10 to 14). This table also shows the final action and literal levels. The two literals

Table 1. Problem graph for the Sussman anomaly (1)

Lo Ar Ly
on A table |1 [unstack C A|P={4,5,6}Jon A table |1
E={78}
clear B 2 |pickup B P={2,3,6}{clear B 2
E={9}
on B table |3 on B table |3
on C A 4 on C A 4
clear C 5 clear C 5
arm-empty |6 arm-empty |6
holding C |7
clear A 8
holding B |9
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Table 2. Problem graph for the Sussman anomaly (2)
Ao Lo As L3
pickup A |P={1,6,9} |on A table |1 |unstack C B|P={5,6,12}on A table |1
E={10} E={2,7}
putdown B|P={8} clear B 2 |unstack B C|P={2,6,13}clear B 2
E={2,3,6} E={58}
putdown C|P={7} on B table |3 |unstack B A |P={2,6,14}on B table |3
E={5,6,11} E={8,9}
stack C B |P={2,7} |on C A 4 |stack AB |P={2,10} on C A 4
E={5,6,12} E={6,9,15
stack C A |[P={7,9} |clear C 5 |stack A C |P={5,10} |clear C 5
E={4,5,6} E={6,9,16
stack B C |P={5,8} |arm-empty |6 |putdown A |P={10} |arm-empty |6
E={2,6,13} E={1,6,9}
stack B A |P={8,9} |holding C |7 holding C |7
E={2,6,14}
holding B |8 holding B |8
clear A 9 clear A 9
holding A |10 holding A |10
on C table |11 on C table |11
on CB 12 on C B 12
on BC |13 on BC |13
on B A 14 on B A 14
on AB (15
on A C 16

from the goal situation, on B C and on A B, are present at literal level L3z and
the PG creation is completed.

3 Description of the Search Method

The search process itself is carried out in two stages. The output from both
stages is a graph, each representing an improved plan.

3.1 The Basic Graph

The objective of this phase is to find the appropriate actions to satisfy the goal
literals, then the actions to satisfy the subgoals (preconditions) of the former
actions and so on. The result is a directed, layered graph with only action nodes
named Basic Graph (BG). The number of levels in the BG is the number of
action levels in the PG plus two additional levels, an initial and a final action
level. The former contains one action with effects and no preconditions and the
latter contains one action with preconditions and no effects. The effects of the
initial action ag are the literals in the initial situation and the preconditions of
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the final action a,, are the goal literals. An edge or causal link a; — a; denotes
that a precondition of a; is solved by means of an add effect of a;.

The process starts with the preconditions of a,, and attempts to find a set
of actions in the same or any previous action level having these goals as add
effects. The preconditions of these actions form a new set of subgoals and this
operation is repeated until each literal has been processed.

In order to find a consistent causal link for each subgoal, the search method
applies the following property:

Property 1 (literal consistency). A literal p required by an action a,, (p €
Pre(a,,)) is said to be consistent if these two requirements hold:

1. there is a sequence of actions a; — @jy1...Am—1 — G such that p €
AddEff(a;) and p ¢ DelEff(a;) Vj € [i +1,m — 1].

2. for each action ay such that p € DelEff(ay) there is a sequence ap —
Aft1 -« Qm—1 — G with an action a;, | € [k + 1,m — 1], such that p €
AddEff(a;).

The first part of the property states that there must exist an action with p
as an add effect and no actions deleting p must appear after that action (Figure
[M(1)). The second part states that for each action which deletes p there must
exist an action ordered after it which produces p (Figure [{2)).

(1)ﬁ©—>o ...oﬂ
p

(2)ﬂo eee O
P p

Fig. 1. Literal consistency property. Literals above each node represent the precondi-
tions of actions and literals below the nodes denote add and delete effects.

In order to check literal consistency it is necessary to propagate effects of an
action a; each time a causal link a; — a; is asserted. The propagated effects of
an action a; are computed by means of the following procedure:

1. PDelEff(ag) =DelEff(ag)
PAddEff(ag) =AddEff(ag)

2. Let po,p1,-..,pn be the paths in the graph that have a; as destination node.
Let A ={ao;j—-1,a1,j-1,...,an,j—1} be the set of predecessor actions of a;,
each corresponding to a path.
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a) PAddEfFéaj) = {x € PAddEff(a;) : a; € A/(Jar, € ANz € PDelEff(ay)) —
ar < a; 4}
PDelEff(a,) = {x € PDelEff(a;) : a; € A/(Jax € ANz € PAAEFF(ay)) —
ap < a;}

b) PAddEff(a,) =PAddEff(a;)—DelEff(a;) U AddEfF(a)
PDelEff(a;) =PDelEff(a;)—AddEff(a;) U DelEff(a;)

The literal consistency property determines that a precondition p of an action
a; is consistent if the propagation of effects from the initial action ag to a; returns
that p € PAddEff(a;) and p ¢ PDelEff(a;) at step 2(a) from the above procedure.
Figure[2(a) shows an example of a consistent precondition, p, for the action ay
and Figure[2(b) shows that the precondition p of action ay, is still an inconsistent
literal.

Ak
DI

(b)

Fig. 2. Example of a consistent and an inconsistent literal

The literal consistency property guarantees that, when a problem is solvable,
all the actions in the BG form a part of a correct solution, although all necessary
actions may not appear in the BG. However, it is not possible to prove that such
a solution exists or that the set of actions leads to an optimal solution. This will
be the objective of the next stage.

Basically, the BG represents a plan which contains optimal sequences of
actions to achieve each subgoal literal independently. If property [[ldoes not hold
for all action preconditions, then it means that some of the subgoal literals cannot
be satisfied and consequently the BG is not created. Let’s take the example in
Figure [2(b). If p stands for arm-empty and the only action having p as an add
effect is the initial action ag (a; in the example) and there is not an operator
putdown, then the BG cannot be created.

The conflicts detected at this stage are only those which appear in a same
sequence of actions. Conflict between actions of different sequences will be dis-
covered at the next stage. Finally, it must also be noticed that there might be
actions in the PG which belong to a correct solution and are not discovered
during the generation of the BG.

2 ax < a; denotes an ordering relation between ax and a,; such that ax is executed

before a;
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Figure [3] shows the BG for the Sussman anomaly problem. Action stack A B
is introduced in the BG at Aj to satisfy the precondition 15 of the final action
an, and action stack B C is included in the BG at A, to satisfy literal 13 of a,,.
Notice that these are the only actions in the PG which satisfy literals 13 and 15
respectively.

The algorithm proceeds now with the preconditions of the two actions in-
serted in the BG. Action stack A B requires literals 2 and 10. Literal 10 is only
achieved by action pickup A whereas literal 2 can be produced by several actions
in the PG in action level Ay or by action ag. The link pickup A — stack A B is
inserted to satisfy literal 10, and the resolution of literal 2 is postponed until
more information is available. Similarly, the action to satisfy the precondition
8 of stack B C is clearly identified whereas there are more than one choice for
literal 5 in the PG (several actions in action level As or action ay).

The introduction of action pickup B to satisfy the precondition 8 of action
stack B C causes precondition 2 of action stack A B to become an inconsistent
literal, as the propagation of effects deletes this literal. Then it is necessary to
find an action between A; and As to restore literal 2; since there is already an
action at Ay in the BG which has literal 2 as an add effect (action stack B C),
this action is chosen to solve precondition 2 of stack A B.

Following the same process, action unstack C A is introduced to satisfy literal
9 of action pickup A. As literal 5 of stack B C is not removed by any action (the
propagation of delete effects from unstack C A does not cause any conflict because
the action stack B C is not reached), the algorithm selects ag to satisfy this literal.

Finally, literal 6 of pickupA is solved by means of action stack B C; the re-
maining preconditions of unstack C A and pickup B are all solved with ag. It is
important to notice that the algorithm always selects at first place actions al-
ready contained in the BG rather than introducing a new action in the BG from
the PG. The criteria the algorithm applies to select an action for a literal when
there are several choices are explained in [11] in more detail.

3.2 The Optimal Graph

This stage performs two different tasks taking the BG as input:

— To discover whether the problem is solvable.
— To verify that the plan comprised in the BG leads to an optimal solution
plan.

In order to accomplish these two tasks, the search method applies the fol-
lowing property.

Property 2 (partial consistency). A BG is partially consistent if it is possi-
ble to set a total-order relation between each pair of actions in the same action
level of the BG.
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Fig. 3. BG for the sussman anomaly problem

Definition 1 (mutual exclusion). Two actions a;, a; in the same level are
mutually exclusive between each other if a; deletes a precondition of a; and a;
in turn deletes a precondition of a;.

We will show that the application of property 2l guarantees the completeness
of the search method (it can find a graph if a solution exists for the given prob-
lem and returns “no graph” otherwise) and optimality of the obtained solution
(optimality refers to the total number of actions in the final plan). The task of
ensuring the total consistency of the graph is carried out by the POP at the
fourth stage.

Unsolvable problems. Let a; and as be two mutually exclusive actions,
Pre(a1) = {z1,y}, Eff(a1) = {z1, 7w}, Pre(az) = {x2,y}, Eff(az) = {22, y}.

If the only possible way to satisfy z; and zo is by means of actions a; and as
respectively, then we say this is a precondition conflict. The name comes from
the fact that the literals involved in the conflict are the preconditions of actions
(in the example, a; needs literal y and deletes y and likewise for ag). In this
case, the literal in conflict has to be achieved again by a new action (from the
PG) or an existing action (from the BG). The only additional checking is to
discover the correct ordering for the new producer action as (a3 — a3 — ag or
as — az — al).

Let’s assume the precondition conflict cannot be solved with any of the ac-
tions in the PG or BG, that is neither Property M nor 2l hold after the resolution
process. As there may be missing actions in the PG, the algorithm extends the
PG one additional level to search for new actions to solve the conflict. This
process is repeated until the PG cannot be further extended, that is, until no
new action instantiations can be applied. Notice the PG only adds positive ef-
fects whose producer actions have not been previously asserted in the graph and
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therefore it is usually the case that only a few additional levels will be gener-
ated. Once the PG cannot be further expanded we can ensure all different action
instantations are already included in the PG. Thus when a precondition conflict
cannot be solved by any means the problem is unsolvable.

Theorem 1 (unsolvable problem). If a problem is unsolvable then one of the
following choices occurs:

1. any of the goal literals never appear in the PG or
2. the BG cannot be created or
3. there exists an irresoluble precondition conflict in the BG.

Proof. A problem is unsolvable if there does not exist a sequence of actions
which being applied to the initial situation gives rise to the goal state. Let O be
the set of operators of a problem, L = {p1,p2, ... ,pn} the set of positive literals
which are generated by all the instantiations of each o € O and G the set of goal
literals.

(1) If such a sequence of actions does not exist then it might be the case that
Jdp; € G and p; ¢ L, in whose case p; will never appear in the PG.

(2) If such a sequence of actions does not exist then it might be the case that
it is not possible to find an independent sequence of actions for each g € G, in
whose case the BG will not be created because property [l fails.

(3) If such a sequence of actions does not exist then it might be the case that
the BG does contain a sequence of actions for each g € G but it is not feasible to
combine all of them to form a global solution. In this case an irresoluble precon-
dition conflict will be found in the BG as property [2 will eventually fail. Notice
that establishing an ordering constraint between a pair of actions is equivalent to
apply a resolution method such as promotion or demotion, and the procedure to
solve mutually exclusive actions is equivalent to the process to restore a deleted
literal in a POP. Thus, all resolution methods to solve a conflict are considered.

The above theorem does not state that these three cases are the only sit-
uations under which a problem turns out to be unsolvable. However, from our
experience with this first prototype of the search method we can conclude that,
if one of the above choices holds, then the problem is unsolvable. Let’s explain
this in an informal way.

If the PG cannot be created is because a given goal g1 never appears in
the PG. Then the problem is unsolvable because:

— either there is no operator having g1 as an add effect in the domain definition,
in whose case the problem has no solution or

— there exists an operator whose instantiation would generate g1 but it is never
applicable during the PG creation. It is important to notice that the PG is a
relaxed, unrestricted graph where the delete effects of actions are not taken
into account. Consequently, if the conditions necessary for the operator to
be applicable do not hold in the PG they will not hold in a plan either.
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The situations under which the BG cannot be created do not all neces-
sarily lead to an unsolvable problem. If the BG cannot be created it means that
at least one inconsistent literal is found, i.e. property [ fails because it is not
possible to find a sequence of actions for achieving that literal. There are two
different explanations for this situation:

— If p only appears at Lo (initial literal level) (p ¢ L;, /h € [1,k]) then there
is no applicable operator having p as an add effect, in whose case p cannot
be satisfied and property [ fails. In this case it is easy to see the problem is
unsolvable.

— On the other hand, if (p ¢ Ly /h € [1,k]) it might occur there exists an
applicable operator but this appears at a level A; where [ > k. Since our
algorithm only considers action levels equal or lower than the one of the
needer action, it would not find such an add effect to achieve the precondition
p. In this case, the algorithm would return the problem is unsolvable although
there might be a solution for it. This inconvenient can be easily tackled by
considering all action levels when creating the BG, that is when solving the
action preconditions.

The last case is when an irresoluble precondition conflict is found in the
BG. Property 2] attempts to find a consistent ordering for each pair of actions
a;,a; in the same level. If such an ordering exists (for example, a; < a;), then
it means that a; must be executed after a; - one time step further than a; at
earliest. Then a; is moved forward to the next action level and the same operation
is repeated again to search for new mutually exclusive actions. This is an indirect
way to verify that the sequences of actions that achieve each subgoal separately
can be properly combined. Therefore, when an irresoluble precondition conflict
is found it means there is a sequence of actions for achieving each subgoal but
not a correct ordering for the entire set of actions. Since all the actions in the
PG, BG and extended PG (if necessary) are taken into account when solving
a conflict, we can conclude that an irresoluble precondition conflict entails an
unsolvable problem.

In summary, if one of the three conditions holds then the problem is usually
unsolvable. However, in some cases the algorithm could report that no solution
exists for a solvable problem. All this indicates the algorithm is able to discover
all unsolvable problems and might fail at finding the solution for some solvable
problems.

Theorem [l states that, when dealing with an unsolvable problem, one of the
three conditions will hold. So, if the BG is created for a problem which is known
to be unsolvable, then the lack of a solution will be discovered at the time of
solving precondition conflicts. In order to illustrate this, let’s take the following
example from the blocksworld domain. The initial situation is the same as for
the Sussman anomaly, that is, on C A, on A table and on B table. The goal state
consists of the two contradictory literals: on B C and on C B.

The PG for this unsolvable problem is the same as for the Sussman anomaly
problem until literal level Ly (Table[). The two literals from the goal situation
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Fig. 4. BG for the unsolvable problem

are found in Lo and the process for creating the PG terminates. The correspond-
ing BG is shown in Figure [

As it can be seen in Figure H there exists a sequence of actions for each
action precondition. However, we find a conflict between the two actions in A;
as they both require and delete literal 6 (arm — empty).

When solving the precondition conflict we find six potential actions in the
PG in action level A5 to solve literal 6. Actions stack C B and stack B C cannot
be used to restore literal 6 because they would both make property [ fail (ac-
tion stack C B would delete literal 2 which is required by pickup B, and action
stack B C would delete literal 5 which is required by unstack C A). The other
four actions make property [2 fail as all of them require and delete literals 7 or 8
which are also required by the actions in the BG (they are all mutually exclusive
with the two actions stack C B and stack B C in the BG in action level A2).

The PG is then extended one level further to find new actions to solve the
conflict (Table[). Three of the actions in Az have literal 6 as an add effect. Action
stack A B cannot be used because it requires and deletes literal 2 and therefore
it cannot be ordered between unstack C A and pickup B. The same happens with
action stack A C, which needs and deletes literal 5. The remaining choice is to
use action putdown A which requires literal 10. As this literal is only generated
by action pickup A, which in turn deletes literal 6, property 2l would fail because
the same conflict is found again in the graph. The PG can be extended one more
level (A4 and L4) and no actions for solving literal 6 are found at this level. We
can conclude that the precondition conflict is irresoluble and consequently the
problem has no solution.

Optimal solutions. During the process of creating the BG and verifying
whether the problem is solvable, the selection of an action to solve a literal
tends to obtain the minimal set of actions [11].

Property 3 (minimal graph). Let A be the set of actions in a graph G. G is
a minimal graph if for each precondition p of an action ay, € A there exists only
one sequence of actions a; = @;q1 ...ax—1 — aj such that p € PAAdEff(ax—_1)
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This property is also extended as follows: when there are several actions to
solve a literal, the algorithm selects first an action whose preconditions are all
already solved with the nodes in the graph instead of selecting an action which
in turn needs additional actions to satify its preconditions. The application of
property [3] is a first step to obtain an optimal plan. However, some additional
checking must be done in order to guarantee the optimality.

Let a1 and as be two mutually exclusive actions, Pre(aq) = {z1, y}, Eff(a1) =
{z1, -y}, Pre(as) = {x2,y}, Eff(az) = {22, y}. If there are other choices to
generate z1 or/and z2 then we say this is an effect conflict. This problem usually
arises due to a lack of information during the creation of the BG. The algorithm
will then replace the producer action of z1 (or z2) by another action in the BG or
PG which has this literal as an add effect. It is important to notice that the first
operation carried out by the search method is to verify the effect conflict rather
than the precondition conflict. This is because the resolution of a precondition
conflict always inserts a new action instead of replacing one of the two mutually
exclusive actions.

Proposition 1 (optimal graph). Let G be a basic graph and A be the set of
actions in G. If property[@ holds for the set A then G is an Optimal Graph (OG),
that is A is a subset of the actions of an optimal solution.

Proof. (1) The PG consists of the minimum number of levels as possible. (2)
The process of creating the BG always tends to select the minimal set of actions
(given two goals g1 and gs, if action a; achieves g; and action as achieves both
g1 and go then only as is selected). (3) Actions existing in the BG are preferred
to actions in the PG to solve conflicts caused by mutually exclusive actions. All
this means that the algorithm is aimed at obtaining the optimal sequence of
actions for each subgoal. (4) If there are no mutually exclusive actions, then it
is feasible to succesfully combine the sequences of actions for each subgoal to
produce an optimal plan.

Two remarks must be commented about this process:

- An OG leads to an optimal solution plan provided that the POP is known
to be admissible.

- The third stage only verifies a partial consistency in the BG, which is
very helpful to discover whether the problem is unsolvable and to check the
optimality of the generated partial solution. However some other conflicts, as
negative threats, can still be present in the OG (because they are not detected
at the third stage). Thus the task of the POP will be to solve these conflicts and
ensure the total consistency of the final solution plan.

The application of property [2 does not only allow to discover unsolvable
problems but also to find and repair some conflicts in the BG. Figure Bl shows
the OG for the Sussman anomaly problem after applying property 2 In the BG
of Figure Bl we can see there are two mutually exclusive actions at Ai: both
actions unstack C A and pickup B require and delete literal 6 (arm — empty). On
solving this conflict, the algorithm searches for actions in the PG at the next
action level As, to restore literal 6. There are several choices:
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1. action putdown B is mutually exclusive with action stack B C, which is al-
ready in the BG

2. stack C B would make literal 2 of action stack A B become inconsistent

3. stack C A is mutually exclusive with action pickup A, which is already in the
BG

4. stack B C cannot be used to restore literal 6 because it would delete literal
5 of unstack C A

5. stack B A is mutually exclusive with stack B C

6. putdown C does not cause any conflict

The algorithm selects putdown C to solve the conflict and the result is the
OG shown in Figure

45,6 1,6,9
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@ \
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7 2
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Fig. 5. OG for the sussman anomaly problem

4 The Partial-Order Planner

Our partial-order planner [9] is based on the UCPOP planner [§] and therefore
completeness is guaranteed when starting from an empty initial plan. However,
when the input to the POP is not an empty plan, additional operations are
necessary to guarantee the completeness of the planner. In this section we show
how to achieve this task. On the other hand, the planner uses an admissible
heuristic search [4] which guarantees obtaining an optimal plan.

It must be pointed out that a POP cannot guarantee terminating on unsolv-
able problems although the complete search space is explored. Since this task
has already been performed by the third stage we can ensure that the POP is
only executed when it is confirmed a solution exists for the problem. The only
remaining task is then to guarantee the POP is able to find such a solution.
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4.1 From a Graph to an Input Graph

This section presents the process to generate an input plan from the BG or OG.
This plan will be the initial plan for the Partial-Order Causal-Link (POCL)
planner.

Let G(NV,E) be a graph where N is the set of graph nodes so that N is a
subset of the set of actions that constitute a solution plan for the given problem,
and & is the set of edges that represent causal links between the actions in N.

Definition 2 (Input plan). An input plan is a tuple II(A, X, 0,P,I"), where:

— A =N is a set of actions that belong to the input plan.

— X =& is a set of causal links between the actions in A.

— O is a set of ordering constraints between the actions in A, resulted from the
causal links in X.

— @ is a set of non-satisfied preconditions of the actions in A (agenda) which

in the case of an input plan is an empty set.

I' is a set of conflicts between the actions in A.

There are two important features of our search method that must be en-
hanced:

— The input plan may not comprise all the actions of a solution plan because
either the PG does not contain all the actions of the problem or the process
of creating the BG has not included every action which might belong to the
solution. The POCL planner is then responsible for finding these missing
actions.

— In the process of creating the BG, when finding an action to solve the pre-
condition of another action a;, only action levels A; where ¢t € [0, j] are
analyzed. This is because, according to the PG creation, it is more likely to
find the correct action in a lower action level than in an upper level. How-
ever, since action levels do not stand for execution steps it might be the case
that the correct action to solve a precondition of a; were in an action level
A; where t > j. This issue is partially overcome at the OG stage since at
this phase all action levels are taken into account.

These two features make the search method focus on a very restricted search
space at the expense of introducing non-correct causal links for some literals
(that is, the correct producer action to satisfy the literal is not the one denoted
in the causal link).

When the POP input is an empty plan, a complete search space is generated
and all choices to solve an open precondition or a conflict are considered in the
resolution process. However, when the input is not an empty plan, completeness
is not guaranteed because this non-empty plan is just the result of one branching
line of the search space which would have been generated by a complete search
method.
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A way to recover completeness in the POP is by means of the White Knight
(WK) concept [2]. This technique simply provides a combination of promotion,
demotion, separation and precondition establishment methods.

Our WK technique [10] consists in deleting the threatened causal link and
insert the precondicion associated to the causal link into the agenda (which
it will be satisfied in turn by another existing or new action). This technique
can also be used when a threat cannot be solved by promotion or demotion.
Let a;,a;,a; be three actions in the input plan such that a; — a;, a; — ag,
p € AddEff(a;), p € Pre(a;), p € DelEff(a;), p € Pre(ay) and p € DelEff(ay). The
following process is used to restore the precondition p of a; or as (symmetrical
threats):

1. select one of the symmetrical threats y(ax,a;, a;) and solve it by promotion
and/or demotion

2. select the other threat v(a;, a;, ar) and use the WK technique

3. repeat this process inverting the order at which the threats have been selected

Proposition 2 (POP completeness). If the plan obtained from the BG or
OG is input to the POP as the initial plan, then the POP will find a solution.

Proof. It is easy to check that all choices to restore the non-correct causal
link are considered in this process. If the correct action for a literal is an action
in the input plan, this will be discovered at step 2 of the above process when
selecting an existing action. If the correct action does not appear in the PG,
and consequently neither in the BG nor in the OG, this will be discovered at
step 2 when selecting a new action. Thus, completeness is recovered during the
planning process carried out by the POP by using a WK-based technique.

4.2 Main Features of the POP

It is important to distinguish between the two different types of plans that are
input to the POP. The WK technique is mainly used when a precondition p of
an action a; is deleted by one action a;,% < j which belongs to another sequence
of actions. However, in other graphs it is possible to solve interactions among
actions by just finding a consistent ordering among them. This gives rise to two
different types of graphs and, consequently, to two different types of plans. Let
A be the set of actions in a graph and S the set of actions that constitute a
solution plan for a given problem:

— complete g