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abstra ct. In this paper weinvestigate a formalism for solving plan-
ning problems basedon ordered task decomposition using Answer Set
Programming (ASP). Our planning methodology is an adaptation of
Hierarchical Task Network (HTN ) planning, an approach that hasled
to somevery e! cient planners. The ASP paradigm evolved out of the
stable semantics for logic programsin recert yearsand is strongly re-
lated to nonmonotonic logics. It alsoled to various very e! cient imple-
mentations (Smodels, DLV). While all previous approachesfor using
ASP for planning rely on action-based planning, we consider for the
prst tim e a formulation of HTN planning as described in the SHOP
planning system and debne a systematic translation method from
SHOPOsgepreseration of a planning problem into a logic program
with negation. We show that our translation is sound and complete:
answer sets of the logic program obtained by our translation corre-
spond exactly to the solutions of the planning problem. Our approach
doesnot rely on a particular system for computing answer sets and
serves seweral purposes.(1) It constitutes a meansto evaluate ASP
systems by using well-established benchmarks from the planning com-
munity. (2) It makesthe more expressie HTN planning available in
ASP. (3) When our approach isimplemented on ASP solvers,its tim e
requirement appearsto grow no faster than roughly proportional to
that of a dedicated HTN planning system (SHOP). (4) It outper-
forms the transformation of an STRIPS-style planning problem into
ASP proposedin [Son et al., 2001]. The particular relevance of that
transform ation method to our work is that, in their work, [Sonet al.,
2001] proposedto use a form of control knowledge to speed up the
classical planning process.In this paper, we show that HTN control
knowledge provides more tim e-e! cient transform ations compared to
the control strategies preserted in [Son et al., 2001].
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1 Introduction

In the past few years, the availabilit y of fast nonmonotonic systemsbased
on logic programming (LP ) madeit possibleto attack problemsfrom other,
non-LP areas,by translating these problems into logic programs and run-
ning a fast prover on them. One of the brst such systemswas Smadels
[Niemela and Simons, 1994 and one of the early applications [Dimopoulos
et al., 1997 was to transform planning problemsin a suitable way and to
run Smadels on them (seealso [Dix et al., 2001]).

Sincethen, additional systemswith dilerent properties for dealing with
logic programs have becomeavailable: DLV [Eiter et al., 1994, XSB [Chen
and Warren, 1996;Raoet al., 1997, to cite the most well-known. In addition,
the paradigm of Answer Set Programming (ASP ) hasemerged(put forth in
[Niemela, 1999;Marek and Truszczyaski, 1999, seealso [Apt et al., 1999).
It is basedon two key ideas: (1) to solve problems by computing models
for logic programsrather than by evaluating queriesagainst logic programs
(as usedto be donein corventional logic programming), (2) to tackle the
problemslocated on the secondevel of the polynomial hierarchy, which seem
well suited for the machinery of answer sets. In particular, many planning
problems bt in this picture.

In this paper, we investigate how to formulate and solve HTN planning
problems using nhonmonotonic logic programs under the ASP semartics.
HTN planning is an Al-planning paradigm in which the goals of the plan-
ner are debnedin terms of activities (tasks) and the planning processis
performed by using the techniques of task decomposition.

HTN planning was brst proposed more than 25 years ago [Sacerdoti,
1990; Tate, 1977. Historically, most of the HTN planning researd has fo-
cused on specibc application domains. Examples include production-line
scheduling [Wilkins, 1984, crisis managemem and logistics [Currie and
Tate, 1991; Tate et al., 1994; Biundo and Sdhattenberg, 2001, planning
and scheduling for spacecraft [Aarup et al., 1994; Estlin et al., 1997,
equipmert conbguration [Agosta, 1995, manufacturabilit y analysis [Heb-
bar et al., 1996; Smith et al., 1997, evacuation planning [Muroz-Avila et
al., 2001, and the game of bridge [Smith et al., 1998a;1998H. Howewer,
there are seweral domain-independert HTN planning systems,sud as Non-
lin [Tate, 1977, Sipe-2 [Wilkins, 1994, O-Plan [Currie and Tate, 1991;
Tate et al., 1994, UMCP [Erol et al.,, 1994, SHOP [Nau et al., 1999,
ASHOP [Dix et al., 2003;2004, and SHOP2 [Nau et al., 2001.

In this work, we focuson the SHOP planning system,which is a domain-
independert HTN planning system that is built around a concept called
ordered task decomposition. In particular:
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¥ We describe a systematic translation method Trans(§ which transforms
HTN planning problemsasformalisedin SHOP into logic programswith
negation. Our basic goal is that an appropriate semariics of the logic
program captures the solutions (plans) of the planning problem.

¥ We establish soundnessand completenessesults for our method: answer
setsof the transformation arein one-to-onecorrespondencewith solutions
of the original planning problem.

¥ We propose to use established bendhmarks for planning problems as
bencdhmarks for testing ASP systems,by transforming the former using
our translation into logic programs.

¥ Although we describe our transformation using the syntax of the Smaodels
software, our translation doesnot depend on the system used. We have
implemented our approac using Smadels and DLV . We present seeral
experimental comparisonsbetweenthesesystemsand the SHOP planning
system.

¥ We demonstrate that our method outperforms the transformation of a
classical (i.e., STRIPS-style) planning problem into ASP proposed in
[Sonet al., 2001 by a factor of 40-100.The particular relevance of that
transformation method to our work is that, in their work, [Son et al.,
2001] proposedto usea form of cortrol knowledgeto speedup the clas-
sical planning process.In this paper, we shav that HTN control knowl-
edgeprovides moretime-e"“cien t transformations comparedto the cortrol
strategies preserted in [Sonet al., 2001.

¥ We investigate on how grounding alects the performance.It seemsthat
systemsallowing for unbound variables (without grounding) are better
suited and would comecloserin performanceto SHOP than current ASP
systems.

We have createda websitewhereall our formalisations can be downloaded
in a form ready to run on DLV and Smadels: <http://www.cs.umd.edu/
users/ukuter/ASP_Planning/> . This site will be maintained and new ex-
ampleswill be added as we progressin our researd.

1.1 Organisation

This paper is organisedas follows. In the next section, we presen the ap-
proachesin the literature which, we believe, are directly related to our ef-
forts. In Section 3, we describe the HTN planning paradigm and the SHOP
planning system.In Section 4, we presen our causaltheory for HTN plan-
ning and our translation method for transforming HTN planning problems
into logic programswith negation. Section5 cortains our results. Our main
theorem is that our translation method is correct and complete with re-
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spect to SHOP. We also present a variety of experimental results along
with somediscussionson the sourcesof complexity. In particular, we com-
parethe performanceof DLV and Smadelson planning bendhimarks. Finally,
we concludewith Section 6 and provide our future researt directions.

2 Related Work

The published literature includesmany elorts at formulating actionsin logic
programsand solving planning problemsby using formulations such as[Gel-
fond and Lifschitz, 1998; Turner, 1997; Lifschitz, 1999;2002. [Gelfond and
Lifschitz, 1999 describesthree dilerent action description languagesthat
formalise theories of actions. These languagesprovide meansto implement
that formalisms aslogic programsto solve planning problemselectiv ely and
e"ciently [Lifschitz, 1999;Giunchiglia and Lifschitz, 1994. The C language
consistsof generaltemplates to dePneactions that have preconditions and
elects. [McCain and Turner, 1997 preseris a languagefor causaltheories.
They have also developed a system called Ccalc, which is a model cheder
for the language of causal theories translated from propositions in the C
action language using rewrite rules [McCain, 1999. The idea in all these
works is to represen a given computational problem by a logic program
whose models correspond to the solutions for the original problem. This
idea was the main inspiration for the work preseried here.

[Eiter et al., 2009 proposesa declarative language,called the K language,
for planning with incomplete information. The K languagemakesit possible
to describe transitions betweenknowledge states that describesthe agertOs
knowledgeabout the world. Knowledgestatesmay be incomplete, compared
to the actual states of the world. This languageis implemented as a front-
end to the DLV logic programming system. [Eiter et al., 2003 describes
a languageK ¢, which extendsthe languageK for dealing with the action
costsduring planning. In particular, the languageK ¢ can expressplanning
problems with optimality criteria, sudh as computing the shortest or the
least-costplans.

[Baral et al., 2007 preseris a language about actions using causal laws
to reason in probabilistic settings and solves the planning problems in
such settings. The languageresenbles similarities to those described above,
but the action theory incorporates probabilities and probabilistic reasoning
techniquesNas described in [Pearl, 1989Nto solve the planning problems
with uncertainty.

[Dimopoulos et al., 1997 preserts a framework for encading planning
problemsin logic programswith negation-as-failure.In this work, the ideais
almost the sameasours, that is, the modelsof the logic program correspond
to the plans. However, this work incorporates ideas from planners suc as
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GraphPlan and SATplan, and it doesnot considerany sort of seard-cortrol
knowledgein the logic-program encadings. In this respect, our approad is
completely dilerent.

[Sonet al., 2001 discussessolving planning programs by logic programs.
The dilerence betweenthis work and the one described in [Dimopoulos et
al., 1997 is that [Son et al., 2001 incorporates domain-dependert cortrol
knowledgeto improve the performanceof the planning. In this respect the
work is similar to HTN planning. Howewer, the encading is conceptually
dilerent from HTN planning: it exploits domain constraints to debnethe
ordering relationships between the actions, and usesthese constraints to
prune the seard for correct sequenceof actionsto solve a planning problem.
This technique doesnot eliminate an action in a state if it is applicable in
that state and it satispesthe input constraints, although that action is not
part of any solution for the input planning problem. In HTN planning,
on the other hand, the seard-control knowledge eliminates actions from
consideration for the statesthat the planner visits during its seard, which
provides better seard cortrol.

3 Hierarchical Task Network (HTN) Planning

HTN planning is like classical planning in that ead state of the world is
represened by a setof atoms, and ead action correspondsto a deterministic
state transition. However, HTN planners diler from classical planners in
what they plan for, and how they plan for it.

The purposeof an HTN planner is to produce a sequenceof actions that
perform someactivit y or task. The description of a planning domainincludes
a set of operators similar to those of , and also a set of methads, eat of
which is a prescription for how to decomposea task into its subtasks(smaller
tasks). Within a domain, the description of a planning problem contains an
initial state. Instead of a goal formula, however, there is a partially ordered
set of tasks to accomplish.

Planning proceedsby decomposing tasks recursively into smaller and
smaller subtasks,until primitive tasks, which can be performed directly us-
ing the planning operators, are reached. For ead task, the planner chooses
an applicable method, instantiates it to decomposethe task into subtasks,
and then choosesand instantiates other methods to decompose the sub-
tasks even further. If the constraints on the subtasks or the interactions
amongthem prevert the plan from being feasible,the planning system will
badktrack and try other methods.

HTN planning hasbeenprovedto be more expressiwethan classical [Erol
et al., 1994. Moreover, HTN planning algorithms have been experimen-
tally provedto be more e"cient than their action-basedcourterparts. This
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is becausethe domain knowledge and the notion of decomposing a task
network while satisfying the given constraints enable the planner to focus
on a much smaller portion of the seard spacethan is typically searted
by procedures.Due to their ability to generateplans very e"ciently, HTN
plannersare usedin alarge variety of real-world applications [Wilkins, 1990;
Currie and Tate, 1991;Nau et al., 2003.

3.1 HTN planning using Ordered Task Decomp osition (OTD)

In this paper, we are interested in a special case of HTN planning,
namely HTN planning with Ordered Task Decomposition (OTD). This
special casewas Prst introduced in the SHOP system [Nau et al., 1999;
200d. The dilerence between SHOP and most other HTN -planning algo-
rithms is that SHOP plansfor tasksin the sameorder that they will later be
executed.Planning for tasksin the order that those tasks will be performed
makesit possibleto know the current state of the world at ead stepin the
planning process,which reducesthe complexity of reasoningby eliminating
a great deal of uncertainty about the world. This makesit easyto incorpo-
rate substartial inferencing and reasoningpower into the planning system,
including the ability to call external programs and the ability to perform
numeric computations.

In order to do planning in a given planning domain, SHOP needsto be
given knowledge about that domain. SHOPOsnowledge base cortains op-
erators and methads. Each operator is a description of what needsto be
doneto accomplishsomeprimitiv e task, and ead method is a prescription
for how to decomposesomecompound (abstract) task into a totally ordered
sequenceof subtasks, along with various restrictions that must be satisbed
in order for the method to be applicable. More than one method may be ap-
plicable to the sametask, in which casethere will be more than onepossible
way to decompsethat task. Given the next task to accomplish,the SHOP
algorithm nondeterministically choosesan applicable method, instantiates
it to decomposethe task into subtasks, and then choosesand instantiates
other methods to decomposethe subtaskseven further. The deterministic
implementation of the SHOP algorithm usesdepth-brst badtracking: if the
constraints on the subtasks prevent the plan from being feasible, then the
implementation will badtrack and try other methods.

As an example,Figure 1 showvstwo methods for the task of travelling from
one location to another: traveling by air, and travelling by taxi. Travelling
by air involvesthe subtasks of purchasing a plane ticket, travelling to the
local airport, Bying to an airport closeto our destination, and travelling
from there to our destination. Travelling by taxi involvesthe subtasks of
calling a taxi, riding in it to the bnal destination, and paying the driver.
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Figure 1. Travel planning example.

Note that eadr methodOpreconditions are not usedto create subgoals(as
would be done in ). Rather, they are usedto determine whether or not
the method is applicable: thus in Figure 1, the travel by air method is only
applicable for long distances,and the travel by taxi method is only applicable
for short distances.Now, considerthe task of travelling from the University
of Maryland to MIT. Sincethis is a long distance, the travel by taxi method
is not applicable, so we must choosethe travel by air method. As shawn in
Figure 1, this decomposesthe task into the following subtasks:(1) purchase
a ticket from Baltimore-Washington International (BWI) airport to Logan
airport, (2) travel from the University of Maryland to BWI, (3) Ry from
BWI airport to Logan airport, and (4) travel from Logan airport to MIT.
For the subtasksof travelling from the University of Maryland to BWI and
travelling from Logan to MIT, we can use the travel by taxi method to
produce additional subtasksas shown in Figure 1.

Here are some of the complications that can arise during the planning
process:

¥ The planner may needto recogniseand resole interactions among the
subtasks.For example,in planning how to travel to the airport, oneneeds
to make sure onewill arrive at the airport in time to catch the plane. To
make the examplein Figure 1 morerealistic, sud information would need
to be specibedas part of SHOPOsnethods and operators.

¥ In the examplein Figure 1, it was always obvious which method to use.
But in general, more than one method may be applicable to a task. If it
is not possibleto solve the subtasksproducedby one method, SHOP wiill
badktrack and try another method instead.

3.2 HTN-planning with OTD: Syntax and Semantics

We use the same debnitions for variable and constart symbols, predicate
symbols, and terms, as in the SHOP planning system [Nau et al., 1999;
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200d. Our debnitionsfor logical atoms, states, tasks, task networks, axioms,
operators, and methods are adapted from SHOP.

Following the notation usedin SHOP, we will write logical atoms us-
ing the format (namet;t,...t,), where nameis a predicate symbol, and
t1,t2,...,t, areterms. In SHOP we can classifythe atomsinto three kinds:

¥ Rigid Atoms: These are atoms whosetruth values never change during
planning. Theseatoms appear in states, but do not appearin the elects
of planning operators nor in the headsof Horn clauses.

¥ Primary Atoms: These atoms can appear in states and in the elects of
planning operators, but cannot appear in the headsof Horn clauses.

¥ Secondary Atoms: These are the oneswhose truth values are inferred
rather than being stated explicitly. They can appearin the headsof Horn
clauses,but cannot appear in states nor in the elects of planning opera-
tors.

Now, we debnethe states and the axioms asin SHOP:

DEFINITION 1 (States (S), Axioms (AX)). A stateS is asetof ground
primary atoms. An axiom is an expressionof the form

al |1,...,|n,

where a is a secondaryatom and the |4,...,l, are literals that constitute
either primary or secondaryatoms.

Axioms neednot be ground. We assumethat the set of axioms does not
cortain cyclesthrough negation?

SHORP starts with a state S and modibesthis state by taking into accoun
the delete and add lists of the operators in the plan. Axioms are usedonly
to chedk whether the preconditions of methods are satisped.A precondition
might not be explicitly satisbed(in the sensethat the atom in question is
cortained in S), but might be causal by S and the axioms AX. The precise
debnition of this relation Grausel byOis given as follows and extended in
Subsection4.

DEFINITION 2 (Literal caused by (S,AX)). A literal | is caused by
(S,AX) if I is true in all answer setsof S" AX.

Becauseof our assumption on AX, the set of axioms constitutes a strat-
ibpedlogic program which has exactly one answer set. This ensuresthat any

1This is just to ensure that a unique stable model always exist and thus the state is
always complete (seethe next debnition). Without this condition, our approach is still
complete but no more correct wrt. SHOP: SHOP doesnot terminate while our translation
still gets meaningful results.
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state described by the stable model of S" AX is complete: any literal is
either causedor its negation is caused.

In order to chedk which literals follow from (S, AX), SHOP usesan ax-
iomatic inference procedure. To discussthis procedure, we need to make
a distinction betweenthe abstract SHOP algorithm and the SHOP imple-
mentation. On one hand, the abstract SHOP algorithm is nondeterministic
and it makesno commitment to what inferenceprocedureis usedfor ched-
ing whether literals follow from (S, AX). The completenesgproof for SHOP
[Nau et al., 2004 says that if the inference procedure is complete, then
SHOP is complete (i.e., if a planning problem has a solution, then at least
one of SHOPO=xecution traces will bnd a solution).

On the other hand, the SHOP implementation usesan inference pro-
cedure that does a depth-brst seard similar to the one in Prolog. This
inferenceprocedureis complete only if the axioms satisfy somerestrictions
similar to those neededin Prolog (no positive cycles, no cycles through
negation).? Howevwer, all the axioms AX we are dealing with in this paper
are of this sort. In fact, cheding causality for thesesimple instancescan be
donein linear time.

A task is an expressionof the form (namet;t,...t,), where name(the
taskOsiame) is a task symbol, and ty, ts,...,t, (the taskOsargumerts) are
terms. A ground taskis a task that hasno variablesin its argumerts. A task
can be either primitive (if it is to be accomplisheddirectly in the world)
or compound (if it is to be decomposedinto other tasks). We use a prebx
? to denote a variable (such as ?x and ?y) and ! to denote the name of a
primitiv e task. For example, to tell the planner that getting a taxi, riding
in it, and paying the driver are primitiv e tasks, we would give them names
like !get-taxi , Iride-taxi , and !pay-driver . Tasksusing these names
are (!get-taxi ?x), (‘ride-taxi ?X ?y), or (\pay-driver  ?x ?y).

A task list is a list of tasks, like the following:

((‘get-taxi ?x) (Iride-taxi ?x ?y) (Ipay-driver  ?x ?y)))

A ground task list is a task list that consistsof only ground tasks, like the
following:

(('get-taxi umd) (‘ride-taxi umdmit) (!pay-driver  umd mit)))

An operator specibPeshow to accomplish a primitiv e task by modifying
the current state of the world by remaoving every atom in its deletelist and
by adding every atom in its add list.

2|n addition, the SHOP implementation also computes its task decompositions using
a depth-prst search. Thus, in order to achieve completeness, the HTN methods also need
to satisfy a similar acyclicity restriction.
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DEFINITION 3 (Operator: (Op h!ge 'wqq) )- An operator is an expres-
sion of the form (Op h !4 '444), Where h (the head) is a primitiv e task
and!, 4 and !, arelists of primary atoms (called the add- and delete-lists,
respectively). The set of variables in the atomsin !4 and !4,; must be a
subsetof the set of variablesin h.3

As an example, hereis a possibleimplementation of the get-taxi oper-
ator from Figure 1:

(:Op (‘get-taxi ?X)
((taxi-called-to ?X))
((taxi-standing-at ?X)))

Operators are usedin decomposition of primitiv etasksduring planning:

DEFINITION 4 (Decomp osition of Primitiv e Tasks). Let t bea prim-
itiv e task, and let Op= (Op h !4, '4qq4) be an operator. Supposethat " is
a uniber for h and t. Then the ground operator instance (Op)" is applicable
to t, in which casewe debnethe decomposition of t by Op to be (Op)".

The decomposition of a primitiv e task by an operator resultsin a ground
instance of that operator Di.e., it results in an action that can be applied
in a state of world. We now dePnethe result of such an application:

DEFINITION 5 (Plans, result( S,#)). A plan is alist of headsof ground
operator instances? A plan # is called a simple plan if it consistsof the
head of just one ground operator instance.

Given a simple plan # = (h), we debneresult(S, #) to be the set

S\ e " Yadd

obtained by deleting from S all atoms in !4; and by adding all ground
instancesof atomsin ! ,44.

If # = (hy,hp,...,h,) is a plan and S is a state, then the result
of applying # to S is the state result(S,#) = result(result(. .. (result
(S! hl)! hZ)v . ')1 hn)

In SHOP, a method specibesa possibleway to accomplisha compound
task. The set of methods relevant for a particular compound task can be
seenas a recursive depbnition of that task.

3Unlik e the operators used in , ours have no preconditions. Preconditions are not
needed for operators in our formulation, becausethey occur in the methods that invoke
the operators.

4In Debnition 8, we will require that in any planning domain, every planning operator
must have a uniqgue name. This is sulcien t to guarantee that every plan specibesan
unambiguous sequenceof operator instances.
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DEFINITION 6 (Metho d: (Meth h $t) ). A methal is an expression
of the form (Meth h $t) where h (the methodOshead) is a compound
task, $ (the methodOsgreconditions) is a conjunction of literals and t is a
totally-ordered list of subtasks,called the decomposition list of the method.
The set of variables that appear in the decomposition list of a method
must be a subsetof the variablesin h (the head of the method) and $ (the
preconditions of the method). °

Here is a possibleimplementation of the travel-by-taxi method from
the samebgure:

(:Meth (travel ?x ?y)
((smaller-distance ?2X ?Y))
(('get-taxi ?x) ('ride-taxi ?2x ?y) (pay-driver  ?x ?y)))

Let m = (Meth h $t) be amethod. Note that there may be variables
in $ that do not appear in the head h of the method m. These variables
are called the unbound variables of m. During planning, thesevariables are
grounded when the method is used for the decomposition of a compound
task, as described below.

DEFINITION 7 (Decomp osition of Comp ound Tasks). Lettbeacom-
pound task, S be the current state, Meth = (Meth h $t) be a method,
and AX be an axiom set. Supposethat " is a uniber for h and t, and that
"’is a uniber such that all literals in ($)""’ are causedwrt. S and AX (see
Debnition 2).

Then, the ground method instance (Meth)""’ is applicableto t in S, and
the result of applying it to t is the ground task list r = (t)""’. The task list
r is the decomposition of t by Meth in S.

Note that the decomposition of a compound task by a method does not
changethe state of the world. The result of such a decomposition is a ground
task list that needsto be further decomposeduntil we get a list of only
ground operator instancesN i.e., a plan.

DEFINITION 8 (Planning Domain Descriptions and Problems ). A
planning domain description D is a triple consisting of (1) a set of axioms,
(2) a set of operators such that no two operators have the samehead, and
(3) a set of methods.

5This restriction is needed to ensure that our programs do not violate the safeness
restrictions of the ASP systems we are using. However, the restriction has no e"ect on the
expressivity of our formalism. Any method that doesnot satisfy the restriction can easily
be translated into an equivalent method that does satisfy the restriction, by intro ducing
a dummy precondition that can always be satisbed.
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A planning problem is a triple (S,t,D), where S is a state, t=
(ti,t2,...,t) is a ground task list, and D is a planning domain descrip-
tion.

We now dePnea solution of a planning problem.

DEFINITION 9 (Solutions ). Let P = (S,t,D) bea planning problem and
# = (hy,hy,...,h,) beaplan. Then, # is a solution for P % if any of the
following is true:

¥ Casel:t and # are both empty, (i.e., k= 0and n = 0);

¥ Case2:t = (ty,to,...,tg), t1 is a ground primitiv e task, (hy) is the
decomposition of t;, and (h, ... h,,) solves(result(S, (hy)), (t2,...,ts), D);

¥ Case 3:t = (ti,to,...,tx), t1 is a ground compound task, and
there is a decomposition (ry...r;) of t; in S sud that # solves

(S,(rl,...,rj,tz,...,tk),D).
The planning problem (S, t, D) is solvableif there is a plan that solvesit.

One important issuethat we want to point out about this debpnition is
that the SHOP formalism doesnot require the tasksto be ground. This and
the restriction in Debnition 6, are both necessaryin the formalism of our
translation method, simply because otherwise, the logic programsthat are
generatedby our translation would contain rules that violate the safeness
conditions that are imposedby current ASP systems. However, this is a
mild restriction and can always be ensuredby adding dummy predicates.

It will be very helpful for the main proof of Theorem 30to intro duce the
notion of a serch ree. The successfulpaths of this tree correspond to the
solutions of the planning problem.

DEFINITION 10 (Searc Tree for Trans(3).
Given a planning problem (S,t, D), we debPnethe seard tree for (S,t, D)
as follows. Nodes of the tree are triples of the form #S,t .qused, t’S Where
S’ is a state, t .quscq IS an ordered list of ground primitiv e tasks, and t’ is a
(possibly empty) ordered list of ground (compound or primitiv e) tasks.
The start node consists of the triple #S %t$ Leaf nodes are those of
the form #St .qusea, Y0$Branchesending in suc leavesare called suaessful
Givenanode#S,t cqused, t'SWith t’ & %its children are debnedasfollows:

¥ If the prsttask in t’ is primitiv e and there is an operator in D for it, then
there is exactly one child #S,t7,, .cq: 18 t%,,.0q iS the old list t qyseq

plus this brst task appended. S* is obtained by modifying S’ according
to the add and delete lists of the operator. t* is t’ with the brst elemen

60r equivalently, we say that ! solves P, or | achieves t from S in D (we will omit
the phrase Oin DOif the identit y of D is obvious).
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<S,{} {to ta, ta, E, t4} >

m(ts)

<S,{}, {tin, tuz, E, tun, t, t5, E ) Ma(ts) <S,{}, {tias, ti, E }>

my(tir) S {1 {taon, tizo, E }>

<S,{}, {tu, tiz, tano, E}>

0Ota111) Oft121)

<S,{}, {tau, turz, tuz, E} 3

<result(S, o(ti1)), {tun}, {ture, tuz, E }>

E E FAILURE!

<result(result(E (result(result(S, oft)), E ), E ), {tun, E .}, {t:}>

ofti)

<result(r esult(E(r esult(r esult(S, o(tur), E ), E), {tus, E ., t}, {}> E

SUCCESS!

Figure 2. Seard Treefor (S,t, D). Edge labellings m;(t) (resp. o(t)) repre-
sernt amethod (resp. an operator) application to atask t, which is compound
(resp. primitiv e).

deleted. The edgeto this child is labelled with the name of this brst task.
If the brst task in t’ is primitiv e and there is no operator, then there is
no child and the branch is marked with Failure.

¥ If the brsttask in t’ is compound, and there exist method instancesappli-
cableto it (accordingto Debnition 7), then eat such method instancem;
leadsto a child node#S,t .quseq, t ' $the edgeto which is labelled with m;.
t? is obtained from t’ by replacing the brst task by the subtasksaccord-
ing to m;. If the brst task in t’ is compound, and there are no methods
applicable to it, then the branch is marked Failure.

We debnethe task-depth of a node and its edgesas follows. The start
node gets task-depth 0. Whenewer a method is usedto extend a node, the
children nodeskeepthe sametask-depth. When an operator is applied, and
thus a task is moved from t’ into t .,.seq then the task depth of the child
node is incremerted by one. Obviously, the task depth of a node is the size
of the list of tasksin t .qused-

Sud atree (or a part thereof) is depictedin Figure 2. Note that there can
be dilerent paths (corresponding to the application of dilerent methods)
that Pnally lead to the sameplans (as a list of the headsof ground instances
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of operators).

DEFINITION 11 (Solution Set of a Planning Problem: Sol(S,t,D)). Let
P = (S,t,D) be a planning problem, and supposeT is the seart tree for
P. Then, Sol(S,t,D) is a multi set: it contains exactly the ordered lists
t causeq IN the leaf nodesthat are reached by the successfulpaths of T .

Wealsosay T represeits Sol(S,t, D). Note that Sol(S,t, D) may contain
more than one copy of the sameplan.

4 Encoding HTN planning in Nonmonotonic Logic
Program ming

Our approach of encading HTN planning problems as logic programs is
basedon SHOPOsepresetation of a planning problem as described in the
last section. We now preseri the brst steps of a causal theory of HTN
planning basedon that formalism. This theory seres as an intermediate
step and a motivation for our translation methodology, which is given in
the next subsection. We conclude this section with the formalisation of a
particular example.

4.1 Causal Theory for HTN Planning

In this section we prepare the ground for our translation in the next sub-
section. We give somedebpnitions of a causaltheory for HTN planning in a
SHOP-like ordered task decomposition.

DEFINITION 12 (Causable Literals ). Let S be a state, and let D be a
planning domain description. A literal | is causablewrt. (S,D) if it is caused
by (S,AX) (according to Debnition 2), where AX is the set of axioms in
D.

A conjunction of literals is causable wrt. (S,D) if every literal in the
conjunct is causable wrt. (S, D) (according to the Debnition 2).

DEFINITION 13 (Causable Tasks). Let S be a state, and let D be a
planning domian description. The debnition of an ordered list of ground
tasks to be causable wrt. (S, D) comesin three steps.

1. The empty list [ ] is causable wrt. (S, D).

2. An orderedlist of ground primitiv e tasksty,...,t, is causable wirt.
(S,D) if for ead t;, there exists an operator (Op h !4e; 'eaqa) * D
and there is a uniper" sud that t; = (h)".

3. An orderedlist of ground tasksts,...,t;,...,t,, wheret; is a ground
compound task and all tasks ty,...,t;_1 are ground primitiv e tasks,
is causable wrt. (S, D) if the following holds:
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¥ There existsa method (Meth h ${t;,,...,t; })"' D fort;, and
there is a uniber " sud that t; = (h)"; and

¥ There exists a uniper"’ suc that the preconditions list ($)""’ is
causable wrt. (result(S, (t1,...t;_1)),D); and

¥ The ordered decomposition list

(t, . g, ()" ()" e, 1)

is causable wrt. (S,D).

Note that this is a recursive debnition. The condition in the last part
(compound tasks) eventually endswhen there are only primitiv e tasks left,
and thus the secondpart (primitive tasks) can be applied. The notion of
literals being causableis usedto make sure that the appropriate methods
(usedto decomposethe task t;) can be applied in the current state.

Using this causaltheory asan intermediate step, we developed a system-
atic translation method for mapping planning problems to logic programs
with negation which we illustrate in the subsequen section. The next the-
orem states the equivalence of the original SHOP planning framework as
preserted in the last section with the notion of causabletasks just intro-
duced.

THEOREM 14.
Let P = (S,t,D) be a planning problem. Then, there is a solution to P if
and only if the task list t is causable wrt. (S, D).

Pro of. Rather than giving a full proof using structural induction, we give
a detailed proof sketch from which the full proof can be easily worked out.

The proof starts by recursively constructing the solution of an HTN
planning problem (S,t,D) and shawing the causal relationships based on
our causaltheory at the sametime.

Supposethere exists a solution to (S,t,D). If t is empty, then (S,t,D)
cortains exactly one plan, namely the empty plan. This is becauseof the
fact that there will be no tasks to be accomplishedNthus, no task to be
causable If t is not empty, and consistsof primitiv e tasks only, then there
must be operators for all thesetasks and thus, by DebPnition 13 (2nd step),
t is causable wrt. (S,D).

We now reduce the general caseto the casewhere only primitiv e tasks
occur. Let t be non-empty, and assumeit contains compound tasks. Then
we recursively carry out the task decompositions (seeDepnition 7) until we
reach a list of ground primitiv e tasks. This is possible becausea solution
exists (this solution is given by the bnal list of primitiv e tasks). Note that
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there might exist dilerent suc lists, corresponding to dilerent choices of
decompositions via methods. But this list is causableaccordingto the second
part of DePnition 13 (primitive tasks).

Now, according to the third part of Debnition 13, we can recursively
replace the primitiv e tasks with the compound tasks they were induced
from (via methods) and we get the result that all the intermediate ordered
lists obtained in that way themselvesare causable wrt. (S, D). Note that
the conditions in the third part of Debnition 13 correspond exactly to the
notion of the decomposition of a compound task (DePnition 7).

Therefore, it follows from the recursive construction above that if a list
of ground taskst is achieved accordingto our planning theory, it must be
causable as well.

The proof of the corverseis similar. Once a list of ground tasks t is
causable wrt. (S, D), we can bnd a list of primitiv e tasks that is causable.
This list is obtained by certain decompositions, and these decompositions
constitute a solution of the planning problem. !

4.2 Encoding Planning Problems as Logic Programs

In this section, we presen our translation method for encading planning
problems as logic programs with ASP semartics. Our translation method
is a generaltechnique that is independen from the implementation details
and syntactic requiremerts of the any underlying ASP system. Note that
there are se\eral dilerences betweenthe syntactic requiremerts of the ASP
systems.In this respect, the preseration in this sectionis given in a more
conceptuallevel in general;however, wherenecessarywe adapted the syntax
of Smadels.”

Translating a planning problem (S, t, D) to its logic program courterpart
requiresencaling the initial state and the state transition characteristics of
SHOP, the goal tasks and the ordered task decomposition technique in
SHOP, and the domain description including the axioms, the operators,
and the methods, which are given in the description of a planning problem.
For this reason,we describe our translation method in seweral steps such
that ead step encadesa part of the complete translation corresponding to
the componerts of a planning problem as described above. Combining these
stepsyield a complete logic program in ASP semartics that is capable of

"However, note that when implementing our translation methodology, one must ad-
dressthe syntax requirements of the underlying system that is being used. In this paper,
we concentrated on the two ASP systems Smodels and DLV , so we made system-specibc
syntactic changes to the conceptual description of our translation method during the
implementation in these systems. Our complete implementation of planning examples for
both DLV and Smodels are available at <http://www.cs.umd.edu/users/ukuter/ASP_
Planning/> .
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solving planning problemsin the way that SHOP does.
We now presert our main debnition:

DEFINITION 15 (Trans((S,t,D)): Translation for the Planning Prob-
lem). Let P = (S,t,D) be a planning problem. The logic program
Trans((S,t, D)) that solvesP is debnedas

Trans((S,t,D)) = Trans(( ) " Trans(S) " Trans(t)
" Trans(AX)" Trans(OP)" Trans(F) " Trans(ME T H),

where

¥ Trans(( ) is the logic program segmen that marks the successfultermi-
nation of the planning process,

¥ Trans(S) is the logic program segmei that encadesthe initial state S,
¥ Trans(t) is the logic program segmen that encalesthe goal task list t,

¥ Trans(AX) is the logic program segmen that encadesthe axioms given
in the domain description D,

¥ Trans(OP) is the logic program segmen that encadesthe operator de-
scriptions givenin D, and

¥ Trans(F) is the logic program segmei that encadesthe state-transition
characteristics of SHOP, and

¥ Trans(ME TH) is the logic program segmemn that encales the method
descriptions givenin D.

In the following subsections,we give the depnitionsfor the logic program
segmens mertioned above.

The Time Line

In order to be ableto keeptrack of dilerent states of the world in an answer
set of a logic program, we attached a time variable that will occur in many
predicatesin our translation. The domain of a time variable is a time line,
which is a set of integers{0, 1,...,%, where %is called the end point of the
time line.

Given a planning problem P = (S,t,D), we needto know %in advance
in order for our translation methodology to work. P does not specify this
information sinceSHOP doesnot needa notion of time line during planning
N the searh processnaturally dilerentiates dilerent states of the world.
One way to determine a correct value for %is an incremertal approad.
That is, we start with %= 0, use our translation to produce the logic
program Trans((S,t, D)), and generatethe answer setsof Trans((S, t, D)).
Then, we incremert % and repeat the whole processuntil no new answer
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sets are generatedby Trans((S,t,D)). Note that, using this approad, we
evertually generate all of the possible answer sets of Trans((S,t, D)), as
shown in Theorem 30.

An alternativ e approac would be asfollows. Let Sol(S,t, D) be the set
of solutions of P, asin Debnition 11. Then, we debne%as

%= max{|#| : #' Sol(S,t,D)},

where |#| denotesthe size of the solution #. Note that we can bnd the set
Sol(S,t, D) by solving P using SHOP.

We usetime variablesin various rules in our translation, so before going
into the details of the translation, we believe that the following points are
worth noting:

1. As described above, we assumethat planning starts at time point 0
(seeDebnitions 16 and 19).

2. Planning proceedsby selecting a task to be accomplishednext (see
DebPnition 19. The rules about taskTBA and causabk are given in
Debnition 17). Note that the task to be decompsed may be either
primitiv e or compound.

3. The time variable T is incremerted only when the task to be decom-
posedis a primitiv e task and there is an operator for it (a simple
reduction) in the domain description provided as a part of the plan-
ning problem (seeDePnition 18).

This meansthat, in general, there may be more than one task that
is selectedand decomposed at a particular time point T. However,
among these tasks, there is only one primitiv e task at any particu-
lar point in time. For example, consider Figure 2. Task t; is a com-
pound task and so are t;;; and ti;11 (obtained by respective meth-
ods). Sotask TBA(t1,0),taskTBA(t111,0), taskTBA(t1111,0) are all
true (resp. hold in a stable model). Only after the primitiv e task t1111
has beenaccomplishedby an operator is the time incremented by 1.

4. As a result of this formulation, the task depth in the seard tree cor-
respondsto the value of the time variable T.

Enco ding the Initial State

SHOPOsnitial state is a set of ground atoms. In this respect, given a plan-
ning problem (S, t, D), the logic program encaling for the initial state S is
debnedas follows:
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DEFINITION 16 (Trans(S): Translation for Initial State).
Given a planning problem (S,t, D), for ead ground atom a' S, the logic
program Trans(S) contains the rule

in _state(a,0) :)

where 0 indicates the initial time.

Enco ding the Goal Task(s)

Givena planning problem (S, t, D), whereS is the initial state,t is a ground
task list, and D is a domain description for this planning problem, the aim
of the planning processis to bnd a plan that accomplishesall of the (goal)
tasks in t from the initial state S in the order they are given (according
to Debnition 8). A task is accomplishedif and only if it is causablewith
respect to the initial state and the domain description givenin the planning
problem, and this is due to the DebPnition 13 and a direct consequenceof
Theorem 14.

In this respect, planning proceedsby selecting a task as the Ocurrer
taskOD i.e., the task that the planner will try to accomplish next. In the
logic programs produced by our translation, this is encaded by using a
special predicate debnedas follows:

DEFINITION 17 (Tasks To Be Accomplished). Given a planning prob-
lem (S,t,D), we debnea special predicate taskTBA_n for ead possi-
ble task (e.g. primitiv e or compound) sud that if the task that needs
to be decompmpsedat time T is h * (name;, arg; arg; ... argy) then
taskTBA_n(namey,,argi,argy,...,argy, I) denotes this fact and n is a
natural number which equalsN + 2 (n is the number of argumerts of this
predicate).

As an example, if the task to be accomplished is travelling from
UMD to MIT denoted as (travel umd mit), then we use the predicate
taskTB A_4(tr avel, umd, mit, T) to denotethis fact. For the sake of clarity,
we will usethe shorthand notation taskTBA(h, T) in the rest of the paper.

We debnethe fact that whether a task is causableas follows:

DEFINITION 18 (CAUSABLE). Given a ground task t, we debne
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CAUSAB LE (t, T, T,) asfollows:
!

f alse if tis a primitivetask and
there is no operator for it in D,
f alse if tis acompound task and

# there is no method for it in D,

taskTBA(t, T;) and T, = T, + 1 if tis a primitiv e task and
there is an operator for it in D,

causabk(t, T,, T,) if tisacompound task and
there is a method for it in D.

$

where T, denotesthe time when the task t was selectedto be decompsed
and T, denotesthe time whent is actually accomplished(i.e., T, is the time
whent is caused).

In the debnition above, causabk(t, T,, T,) is a shorthand notation for the
predicate causabke_n(name;,arg;,argp, ...,argy, Ts, T,) in which the sym-
bol n = N + 3 denotesthe number of argumerts of the predicate causabk_n.
For the sake of clarity, we will usecausabk(t, T,, T,) in the rest of the paper.

We are now ready to debnethe logic program segmen that encalesthe
goal task list of a given planning problem.

DEFINITION 19 (Trans(t): Translation for Goal Tasks).

Given a planning problem (S,t,D), let t = hy,hy,...,h, be the ordered
sequenceof ground tasks. Then, Trans(t) is the logic program that corntains
onerule for ead ground task h;, wherei = 1,2,...,n, asfollows:

1. Casel:i=1,
taskTBA(hy,0) :)

2. Case2: Otherwise,

taskTBA(h;,T;) :) CAUSABLE (h,_1,Ti1,T:), T; + T;_1.

Note that if there exists only one goal task to be accomplishedfor the
problem in hand, then only debningthe prst rule will su"ce. Debnition 19
enforcesthe fact that a goal task h; is designatedas the current task to be
accomplishedif the previous goaltask h;_; in t is causable.This is a direct
consequencef our Theorem 14,

The planning processterminates successfullywhen all of the goal tasks
are accomplished(i.e., caused)in the order they are given in the planning
problem. The following debnition is givento encade the successfutermina-
tion of the planning process.
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DEFINITION 20 (Trans(( ): SuccessfulTermination). Given a planning
problem (S,t,D), the logic program segmen Trans(( ) that encales the
successfukermination of the planning process(i.e., the fact that a solution
to the given planning problem is found) is debnedas follows:

planfound :) CAUSABLE (h,, Tp, Tps1), Tpe1 + To.
plan_found :) not plan_f ound.

whereh,, is the last goaltask in t, T,, denotesthe time at h,, is decomposed
by a simple reduction for it (seeDepPnition 7), and T,,+1 is the time at which
h,, is causable(accomplished).

Thesetwo rules together state that if the last goal task is causablethen
there is a plan (solution) for the planning problem (S,t,D) as a result of
Debnition 19. Otherwise, there is none.

Enco ding the Axioms

We now debnethe logic program segmen that encades the axioms of a
domain description. We start with notion of translation for a literal.

DEFINITION 21 (Translation for Literals).

Given a literal, |, we debPneC(l, T), the translation of | at time T, as

%

c(l,T) = in _state(a, T) if | = ais a positive literal,
"'/ not in_state(a,T) otherwise.

DEFINITION 22 (Trans(AX): Translation for Axioms).

Given a planning problem (S, t, D), Trans(AX) is the logic program seg-

ment that contains the following rules: for all Oa! Iy,...,1, O"' AX,

in_state(a,T) :) C(l1,T),C(2,T),...,C(l,.,T),

where C(l;, T) is the translation of the literal |;, asdebnedin Debnition 21
above.

Enco ding the Operators and the State Transitions

SHOP usesthe operator descriptions in D in decomposition of primitiv e
tasksthat needsto be accomplishedduring planning. In the translation, the
logic program segmen that encadesthe operators in D is given as follows:

DEFINITION 23 (Trans(OP): Translation for Operators).
Given a planning problem (S, t, D), for all Op' OP, Trans(Op) is the logic
program that contains the following rules: for all a' Del(Opy):

out_state(a, T + 1) :) taskTBA(h,T).
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and for all a* Add(Op):
in_state(a, T+ 1) :) taskTBA(h,T).

where h is a primitiv e task Di.e., the ground head of the operator that is
usedin the decomposition of h.

Note that these two rules encade the delete- and the add-lists of the
operator respectively. The result of a decomposition of a primitiv e task by
an operator application is a new state of the world, which is generated by
deleting all of the atoms that are in the delete-list of that operator from the
current state and by adding all of the atoms that are in the add-list of that
operator to the current state.

An operator only describesthe changeit causesto occur in the current
state. The planner is still responsible for keepingtrack of the other facts
that remain unchangel after an operator application. This is known asthe
famousFrame Problemin Al Planning. In the translation, the logic program
segmen that addresseghe frame problem is debPnedas follows:

DEFINITION 24 (Trans(F): Keeping Track of the State S).
The logic program segmen Trans(F) that encalesthe frame axiom is de-
bPnedas follows:

in _state(A, T+ 1) :) in_state(A, T), notout_state(A, T + 1).

Note that the state of the world in SHOP consistsof only positive ground
primary atoms. Basically the above rule states that if a positive ground
atom, a, is initially true, then it should be true in the next state unlessit
has been marked as to be deleted during the transition from the current
state to the next state.

Enco ding the Metho ds

SHOP usesthe method descriptionsin D in decompositions of compound
tasksthat needto be accomplishedduring planning. Before proceedingwith
the debnition of the logic program segmen that encadesthe methodsin D,
we give the following dePnition:

DEFINITION 25 (Methodsfor a Compound Task). Givena planning prob-
lem (S,t,D) and a compound task h * (name;, arg; arg, ... argy), we
debne a special predicate method_n_i(name;,,arg;,arg,...,argy, T) for
eat method m; ' D whosehead unibeswith h. The symbol n in the predi-
cate name denotesthe number of argumerts of the predicate,i.e.n = N + 2.

For purposesof clarity, we will use the following shorthand notations
in the rest of this paper: Given a planning problem (S,t,D) and a com-
pound task h, if there is only one method m whose head unibes with
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h in D then we will use method(h,T) to refer to m, instead of the
method_n_1(name;,,arg;,argz,...,argy, ) predicate as dePnedabove. If
there are more than one methods m; for h then we will use the notation
method;(h, T) for ead such method m;,.

We present the translation for methods of SHOP in four steps: (1) the
translation for the nondeterministic choice of applying alternative meth-
ods to a particular compound task; (2) the translation for evaluating the
preconditions of a method in order to decide whether it is applicable to a
particular compound task; (3) the translation for the task decomposition
specibedby a method; and (4) the translation for the accomplishmen of a
particular task by a method. Given a SHOP method, if the translations in
these four steps are performed, then we produce a logic program segmer,
Trans(ME T H), which is the ASP encaling of that method.

DEFINITION 26 (Translation for Encoding Alternativ e Methods). Given
a planning problem P = (S,t,D), let h be a compound task that needs
to be accomplishedin the solution of P. SupposeD contains N methods

whoseheadsunify with h; namely, my, my, ..., my. Then, the logic program
segmein that encalesthe nondeterministic choice of which method to apply
to the task h is asfollows: fori,j = 1,...,N,

&
method;(h,T) :) ;= hot method;(h, T),
taskTBA(h, T).

Intuitiv ely, the rules in Debnition 26 enforce the translation to create
N dilerent answer setsfor N possible method applications to the task h.
This is due to the fact that ead such method specibesa dilerent way to
decomposethe task h, and therefore, the planner can bnd dilerent solutions
due to ead such method.

Next, we presert the translation for evaluating the preconditions of eadh
such method. Note that if the precondition of the method is not satisbedin
the state of the world, then the method cannot be applied to the task h.

DEFINITION 27 (Translation for Precondition Evaluations). Let h be a
compound task that needsto be accomplished,m; be a method whosehead
unibeswith h, and $ be the preconditions of m;. Then, we have two steps:

1. Let p' $ be a precondition of m and &, &, ..., & be the unbound
variablesin p such that if f = 0 then p hasno suc variables. Suppose
that R; denotesthe rangeof &; in p Pi.e., R; is the setof all possible
instantiations of &; in the world. Then, for ead unbound variable &;
of p, we create new variable symbols &; ;. such that j = 1,...,f and
k=1,...,|Ryl.
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2. For eac precondition p' $,
¥ if p doesnot contain unbound variables, then we have
checked state(p,T) :) C(p,T), method;(h,T).

where C(p, T) is asdebnedin Debnition 21.
¥ Otherwise, we have

checked state(p(&1.1,&,1,...,&£1), T) 1)
method;(h, T), in _state(p(&1,1,&2.1,...,&,1), T),
not checked state(p(&1,1,&2,1,...,&2), T),

not checked state(p(&:,1,&2,1, - -, &y, |7 ) T),

not checked state(p(&1,1, &, |r, (s - - -+ &f,ri ), T),
not checked state(p(&1,2, &1, ..., &,1), T),

<Qoft checked state(p(&1,r, | &2, |rs |1+ - -+ &£, R )2 T)s
'j=l &j,l I= &J}Z I=... 1= &j,lRJ |-

where &, &, . .., & are the unbound variablesin p.

Intuitiv ely, the rules of Debnition 27 create an answer set for ead possible
instantiation of the unbound variables of m; in the world. This is due to
the fact that SHOP createsan instance of m; for ead instantiation of the
unbound variablesin m;, and decompsesthe task h with ead such method
instance. In order for our translation to be correct, we needto simulate this
behavior of SHOP in our translation since ASP systemsdo not provide such
semartics, to the best of our knowledge.

Note that for each precondition p' $, there must be at least one answer
set in which both method;(h, T) and checked state(p,T) are true for the
method m; to be applicable to the task h in the current state of the world
(denoted by the time variable T). If there is no such answer set then it
meansthat m; is not applicable to h.

Now that we have establishedthe rules for cheding the applicability of
m; to h, we are ready to give the debPnition for the decomposition of the
task h by m;.

DEFINITION 28 (Translation for Method Decomposition). Let h be a
compound task that needsto be accomplished,and let m; be a method
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that is applicable to h. Then, the decomposition of h by m; is encaded by
the following rules:

taskTBA(t, T) ) g}ethodi(h,T),
pEp checked state(p, &, &, ..., &, T).
taskTBA(t2, T2) ) @ethodi(h,T),
pEp checked state(p, &, &, ..., &, T),
CAUSABLE (1, T, Ty),
T, + T.

taskTBA(t,, T,) ) @zlethodi(h, T),
pEp checked state(p, &, &, ..., &, T),
CAUSABLE (t;,_1,Tn_1,Tp),
T, + T,_1.

where &,...,& are the unbound variables of the precondition p, and
t1,...,t, are the subtasks of m Bi.e.,the ordered list of tasks in the de-
composition list of m.

The translation in DebPnition 28 encadesthe fact that the decomposition
of eadh subtask t;, can only be doneif the previous subtask t;_; hasbeen
already accomplishedbi.e. t;_; hasbeenalready CAUSAB LE . The only
exceptionis the prst task, which is decomposedif and only if the particular
method, h, hasbeenchosento be applied to the current task in the planning
process.This property is encaded by using the CAU SAB LE (tg, Tx, Tr+1)
construct for eat subtaskt; (seeDebPnition 18). The time point T, denotes
the time when the current task is decomposedand Ty+; denotesthe time
when it is accomplishedb i.e. causabk. By this way, we can identify the
exact place where a specibctask is causablein the ertire seardt tree.

Finally, we have the debnition of the accomplishmen of a task by a
particular method.

DEFINITION 29 (Translation for Accomplishmert of Compound Tasks).

Let h bea compound task that needsto be accomplished,Jet m; be a method
that is applicable to h, and supposethat h has been already decomposed
into its subtaskst; specibedby the decomposition list of m;. Then, the ac-
complishmert (i.e., causation) of h by the method m; is encaded as follows:

causabe(h, T, Tn+1) 1)  gethod;(h, T),
pep checked.state(p, &1, &, ..., &, T),
CAUSAB LE (t,,, T, Trs1 ),
Th+1 + Ty

where &, ..., & are the unbound variables of the precondition p of m.



26 Jurgen Dix and Ugur Kuter and Dana Nau

Intuitiv ely, h is accomplished(i.e., caused)when/if the last subtaskin its
decomposition by m; is accomplished(i.e., caused.)This is a direct conse-
guenceof Theorem 14.

Note that some of the rules given Debnitions 26 and 27 could also be
encadedinto disjunctiv e rules, which seemgo be conceptually simpler. How-
ever, not all ASP systemsdo handle disjunctions. Therefore, we decidedto
use non-disjunctive rules. At this point, we refer to the discussionin sub-
section 5.2.

4.3 A Translation Example: An Elevator Domain

One of the planning domains in the AIPS-2000 planning competition was
the Miconic-10 Elevator domain. In order to accommalate the represena-
tional power of dilerent planning systems,seeral dilerent versionsof this
domain were usedin the competition. The simplest version, which we will
call Miconic-10-sintest,® has the following specibcations: (1) the planner
simply hasto generateplans to sene a group of passengersof whom the
origin and destination [3oors are given, and (2) there are no constraints suc
as satisfying spacerequiremerts of passenger®or achieving optimal elevator
cortrols.

Below, we describe how to usethe techniquesin the previous section to
translate an HTN version of the domain into an ASP encaling. For the
sake of simplicity and clarity, we presert our translation methodology on a
simplibed and modibed version of this problem domain in Smaodels syntax.
The SHOP axioms, operators, and methods for this problem domain are
shown in Figures 3, 4, and 5, respectively. Our complete encalings of the
original Miconic-10-simtest domain for both DLV and Smadels are available
at <http://www.cs.umd.edu/users/ukuter/ASP_Planning/>

In our modibed elewvator example, there is only one personto be trans-
ported in a bve Roor building. The elewator starts its operation at the ground
Boor. Our passengelis at the top Roor and wants to go down to the ground
Boor. The elevator can move betweenany two Roors in one step; however,
this movemert can be either slow or fast, depending on the distance between
those Roors. The fast movemert of the elevator depends on the amourt of
energy available to it. The elewator has initially enough energy for suc
movemens. However, a fast movemert decreaseshe total energyof the ele-
vator by a specibcamourt. More specibcally a fast movemen betweentwo
adjacert RBoors consumesone unit of energy Unlike fast movemerts, slow
movemens do not require energy The elewvator always makes slow move-
ments when it is empty, in order to consene energy

8We use this name because the domain is available at <http://www.informatik.
uni- freiburg.de/~koehler/elev/simtests.tar.gz>
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Now, we will describe the basicsof the translation processstep by step
asdescribed in the previous section.

Prelude
We have to formulate all of the possibleatoms that can ever be useddur-
ing the planning process.Due to the fact that ead variable in Smadels
semariics must have a range of values,we must also debnetype predicates
in our translation asdescribed in the previous section. In a SHOP domain
description, we do not needto make these debnitions about the set of all
possibleatoms and tasks, nor about the type predicates.

In our elevator example, we have the following rules for specifying the
possibleatoms:

atom(boarded(P)) person(P).
atom(goal(P)) person(P).
atom(lif t_at(F)) f loor(F).

person(P), f loor(F).
person(P), f loor(F).
person(P).
energy_levels(E).

atom(destination (P, F))
atom(on_f loor(P, F))
atom(on.lif t(P))
atom(total _energy(E))

N N N N N N

And also the following rules for the type predicatessuc as:

time (0..10) D)

person(p0) )

f loor(0..4) )

energy_levels(0..10) :)
Note that we debnethe time line of our logic program to be the set
{0,1,...,10}. This debnitionis just for illustrativ e purposesn this example.

Normally, we use one of the two techniques for debningthe time lines, as
described in the previous section.

Enco ding the Initial State

The logic program segmen Trans(S) consistsof the following rules to spec-
ify the initial state in our encaling of the elevator example:

in _state(lif t_at(0), 0) 2)
in _state(goal(p0), 0) 2)
in _state(on_f loor(p0, 4), 0) 9)

in _state(destination (p0, 0),0) :)
in _state(total _energy(10),0) :)

As it can be seenfrom these rules, they specify certain ground atoms to
bein the initial state of the planner (DePnition 16 in the previous section).
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;; SHOP Axioms for the simplibedMiconic-10-simtest Domain.
(:- (can-move-fast ?floorl ?floor2)
((> 7floorl ?floor2)(total_energy 7energy)
(' (- ?floorl 7floor2) ?energy))
(:- (can-move-fast ?floorl ?floor2)
((" 7floorl ?floor2)(total_energy 7energy)
(' (- ?floor2 7floorl) ?energy)))
(:- (HoorDiff ?floorl 7floor2 ?7d)
((> 7floorl ?floor2)(assign 7d (- ?floorl ?floor2)))
(:- (floorDiff ?floor1 7floor2 7d)
((" 7foorl ?floor2)(assign 7d (- ?floor2 ?floorl))))

Figure 3. Examples of the SHOP axioms for the simpliPed version of
Miconic-10-simtest planning domain.

The last argumert for ead in _state(A, T) predicate is the time T at which
the atom A holds. As mertioned before, we debnethe starting time of the
planning processto be 0.

The frame axiom Trans(F) is as follows:

in_state(A, T+ 1) :) time(T),atom(A),in _state(A, T),
not out_state(A, T + 1).

Enco ding the Goal Task(s).

Supposewe have a single goal task to accomplish,namely the task of trans-
porting our passenger.Then, the logic program segmem Trans(t) will en-
code this task via the following rule:

task TB A(tr ansport_person,p0,0) :)

This rule specibesthat our goal task to be accomplishedat the beginning
of planning processis the task (tr ansport_person p0) N i.e., the task of
transporting the personp0.

Enco ding the Axioms

Supposethat we have the axioms shown in Figure 3. The intended meaning
of theseaxiomsis to decidewhether the elevator can make a fast movemen
betweenthe specibedtwo Roors. The criteria for this decisionis that if the
distance betweenthe two 3oors is greater than or equalto the total energy
of the elevator, then it can move fast betweenthesetwo 3oors. The encaling
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;; SHOP Operators for the simplibedMiconic-10-simtestDomain.
(:operator (!markServed ?person)
((goal 7person))

0)

(:operator (!ImoveSlow ?floorl 7floor2)
((lift_at ?floorl))

((lift_at ?floor2)))

(:operator (ImoveFast 7floorl ?floor2 7old 7new)
((lift_at ?floorl)(total_energy 7old))
((lift_at ?floor2)(total_energy "new))

(:operator (!board 7person ?floor)

((on ?person ?floor))
((on_lift ?person)))

(:operator (!debark ?person 7floor)
((on_lift ?person))

((on 7person 7floor)))

Figure 4. Examples of the SHOP operators for the simplibed version of
Miconic-10-simtest planning domain.

of this axiom asthe logic program segmem Trans(A X) is straightforward:

in _state(can.move fast(F 1,F 2), T) 1) time(T),floor(F1),
f loor(F 2), energy_level(E),
in _state(total _energy(E), T),
F1>F2,F1) F2+ E.

in _state(can.move_fast(F1,F 2), T) 1) time(T),f loor(F 1),
f loor(F 2), energy_level(E),
in _state(total _energy(E), T),
F1, F2,F2) F1+ E.

in _state(BoorDi! (F1,F2,F1) F2),T) :) time(T),floor(F1),
floor(F2),F1> F2.

in _state(BoorDi! (F1,F2,F2) F1), T) :) time(T),floor(F1),
floor(F2),F1, F2

Enco ding the Op erators
Supposethat in the domain description of our elevator example, we have
the planning operators shown in Figure 4.

The brst operator in Figure 4 is for the primitiv e task of marking a person
served. This operator basically removesthe (goal ?person) atom from the
state of the world, which meansthat the goal of transporting the person
?person hasbeenadieved. Note that this operator doesnot add any atoms
to the state of the world. The secondoperator is for the primitiv e task of
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moving the elevator slowly from one 3oor to another. It simply deletesthe
(lif t_at ?f loorl) atom from the state, which describesthe location of the
elewvator before it started its move, and adds the atom (lif t_at ?f loor2),
which describesthe location of the elevator after it completedits move. The
third operator is for the primitiv e task of moving the elewator fast. Note
that this operator also changesthe total amount of energythat the elevator
has. The fourth and the bfth operators are for boarding a personto the
elevator and for debarking a personfrom the elewator, respectively.
In our translation, the markServedoperator is encaded by a single rule:

out_state(goal(P), T+ 1) :) time(T),person(P),
taskTB A _3(markServed, P, T).

The encdling of the moveSlav operator corresponds the following:

out_state(lif t_.at(F1), T+ 1) :) time(T),floor(F1),floor(F2),
taskTBA _4(moveSlow,F1,F2,T).

in _state(lif t_at(F2), T+ 1) :) time(T),floor(F1),floor(F2),
taskTBA _4(moveSlow,F1,F2,T).

The moveFRast, board, and debak operators are encaded similarly.

Enco ding the Metho ds

We have the following four methods in our domain description: We have
two methods for fast transporting the personfrom his/her original 3oor to
his/her destination Roor. The Prst method is for the casein which the elea-
tor and the personare on the samefRoor, sothe personcan be immediately
boardedto the elevator and transported to his/her destination. The second
method is for the casein which the elewator and the personare not on the
same 3oor; the elevator must be brst moved to the Roor of the personso
that the personcan be transported. Figure 5 shows the SHOP specibcation
of thesetwo methods.

We have also two methods for slow transportation of the person, similar
to the onesdescribed above. The two groups of methods Pi.e., the brst two
and the secondtwo P correspond to a branching (i.e, badtracking choice)
point in the plannerOseard space,in which dilerent branchesmay possibly
leadto di'erent solution plans. However, the brst two methods cannot both
yield to a solution due to the way their preconditions are debPned.The same
is true for the secondtwo as well.

According to Debnition 26, the translation of the nondeterministic choice
amongthesefour methods is the following set of rules, which correspond to
the samebranching point in the seard space.Here, we only give the rule(s)
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;; SHOP Methods for the simplibedMiconic-10-simtestDomain.
;; Method for FAST transporting a personwhen the lift is at the sameRoor
;» ashim/her.
(:method (transport_person ?person)
;; preconditions
((lift_at ?floorl)(on 7person ?floorl)(destination ?person 7floor2)
(total_energy 7old)(can_move_fast 7floorl ?floor2)
(floorDiff 7floorl ?floor2 7d)(assign 7new (- ?old 7d)))
;; decomposition task list
((!board ?person ?floorl) (!ImoveFast ?floorl ?floor2 7old ?new)
(!debark ?person 7floor2) (ImarkServed ?person)))

;; Method for FAST transporting a personwhen the lift is not at the samef3oor
;; asthe person.
(:method (transport_person ?person)
;; preconditions
((lift_at ?floorX)(on ?person 7floorl)(destination ?person ?floor2)
(total_energy 7old)(can-move_fast ?floorl ?floor2)
(floorDiff 7floor1 ?floor2 7d)(assign "new (- ?old 7d)))
;; decomposition task list
(('moveSlow ?floorX 7floorl)(!board ?person 7floorl)
(ImoveFast ?floorl ?floor2 ?old 7new)(!debark ?person 7floor2)
(!markServed ?person)))

Figure 5. Examples of the SHOP methods for the simplibPed version of
Miconic-10-simtest planning domain.

for the brst method; the others are almost identical.

method_3_1(tr ansport_person,P,T) :)
time (T), person(P), taskTB A _3(tr ansport_person,P, T),
not method_3_2(tr ansport_person,P, T),
not method_3_3(tr ansport_person,P, T),
not method_3_4(tr ansport_person,P, T).

We now describe the encaling for evaluting the preconditions of this
method. For that matter, we need to encade the rules given by Debni-
tion 27 for every precondition of this method. As an example, considerthe
prst precondition, which is (lif t_at ?f loorl) (see Figure 5). This precon-
dition has only one unbound variable; namely, ?f loorl. Then according to
Debpnition 27, we have the following rule:

checked state(lif t_.at(F1,T) :) method_3_1(tr ansport_person,P,T),
in _state(lif t_at(F1),T).
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Note that, although ?f loorl is an unbound variable, we did not create
new variable symbols for it and did not usethe brst rule given in Debni-
tion 27. The reasonfor this is that the elevator can be at one and only one
Boor at any time in this domain.

The rules for the other preconditions are almost identical to the one
above, sowe do not give them here due to spacelimitations (for a complete
encaling of this domain, see <http://www.cs.umd.edu/users/ukuter/
ASP_Planning/>). This Pnishesour encading of the precondition evalution
for the brst method of Figure 5.

The following rules encade the decomposition list of this method:

taskTBA _4(board, P,F1,T) :)
f loor(F 1), f loor(F 2), person(P), energy _level(Old), number(D),
time (T), checkedstate(lif t_.at(F1),T), checked state(on(P,F1),T),
checked state(destination (P, F 2),T),
checked state(total _energy(OId), T),
checked_ state(can_move_f ast(F 1, F 2), T),
checked state(f loorDif f (F1,F2,D),T),
method_3_1(tr ansport_person,P, T).

taskTBA _6(moveFast,F1,F2,0ld,0ld) D,T2) :)
f loor(F 1), f loor(F 2), person(P), energy_level(Old), number(D),
time (T), time (T 2), checked_state(lif t_at(F 1), T),
checked state(on(P, F 1), T), checked state(destination (P,F2),T),
checked_ state(total _energy(OIld), T),
checked state(can_move_f ast(F1,F2),T),
checked state(f loorDif f (F1,F2,D), T),
method_3_1(tr ansport_person,P, T),
causabke 5(board,P,F1,T,T2), T2+ T.

taskTBA _4(debark,P,F2,T3) :)
f loor(F 1), f loor(F 2), person(P), energy_level(Old), number(D),
time (T), time (T 2), time (T 3), energy_level(N ew),
checked state(lif t_at(F1), T), checked state(on(P,F1),T),
checked state(destination (P, F 2), T),
checked state(total _energy(OIld), T),
checked state(can_move_f ast(F1,F2),T),
checked state(f loorDif f (F1,F2,D), T),
method_3_1(tr ansport_person,P, T),
causabke_7(moveFast,F1,F2,0ld,New, T2, T3), T3+ T2
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taskTB A_3(mar kedServed, P, T4) :)
time (T), time (T 3), time (T 4), person(P), f loor(F 1), f loor(F 2),
energy_level(Old), number(D), method_3_1(tr ansport_person,P, T),
checked state(lif t_at(F 1), T), checkedstate(on(P,F1),T),
checked state(destination (P, F 2),T),
checked_state(total _energy(Old), T),
checked state(can_move_f ast(F 1, F 2), T),
checked state(f loorDif f (F1,F2,D),T),
causabk 5(debark,P,F2,T3,T4), T4+ T3.

The rules for the decomposition list of the method debPnethe successor
subtasks with the order they were specibedin that method. Note that in
the formalism for HTN planning with Ordered Task Decomposition, the
ordering of the subtasks enforcesthe fact that a subtaskt can be selected
asthe current task for decomposition only if all of the subtasks preceding
t are accomplishedsuccessfully This is achieved in our translation by the
causableproperties of the tasks (seeDepnition 13).

Note also that although the Prst method of Figure 5 has an unbound
variable ?new, we have not encaded this variable asan unbound variable in
our rules. This is due to the fact that this variable is usedin the method
for storing the energythat is left after the elevator movesfast betweentwo
levels,and we can encale this aswe did in the headof the secondrule above.
In fact, SHOPOsassignstatemert senesthe samepurpose;it was a design
choice in SHOP to handle these casesin the preconditions of a method
using an assignstatemert, rather than handling them in the argumerts of
the subtasksaswe did in our encadings.

At this point, we want to emphasiseagain that the translation method
preseried in the previoussectionis a generaltechnique; onecan make seeral
optimisations and modibcations during actual implementation.

Now, we are ready to give the rule for accomplishmen of the task of
transporting the personvia the method encaded above:

causabk_4(tr ansport_person,P, T, T5) :)
time (T), time (T4), time (T5), person(P), f loor(F 1), f loor(F 2),
energy_level(Old), number(D), method_3_1(tr ansport_person,P, T),
checked state(lif t_at(F1),T), checked state(on(P,F1),T),
checked state(destination (P, F2),T),
checked state(total _energy(Old), T),
checked state(can_move_f ast(F 1, F 2), T),
checked state(f loorDif f (F1,F2,D),T),
causabk_4(markedServed, P,T4,T5), T5+ T4.
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5 Results: Theory and Practice

In this section, we presert our theoretical results on the correctnessand
completenessof our translation method. These results in soundnessand
completenesstheorems are for the resulting logic programs under the an-
swer set semarics for planning problems. We also describe in detail the
experiments we have undertaken. All the detailed formalisations as well
as more implementation related information can be obtained from <http:
/lwww.cs.umd.edu/users/ukuter/ASP_Planning>

5.1 Soundness and Completeness

Our brst theorem states that our translation indeed correspondsto HTN

planning as done in SHOP. Soundnessand completenessare the two im-
portant requiremerts for any planning system. Soundnessmeansthat all
of the plans that are generated by the planner are actually true solu-
tions to the given planning problem; that is, no plan, which is not solu-
tion to the problem, should be generated. Completenessmeansthat the
planning system must be able to generateall of the possible plans (solu-
tions) for the given planning problem. A more formal treatment and the
fact that SHOP is sound and complete is cortained in [Nau et al., 2000;
1999.

Let Trans(g be the translation method described in the previous section.
Givenany HTN planning problem described in SHOPOdormalism, we are
interested in the relationship betweenthe solutions to the problem and the
models (or answer sets) of Trans(3.

THEOREM 30 (Trans(d and HTN planning using OTD). Given a plan-
ning problem (S,t,D), wher S is the initial state, t is the list of
ground tasks to be accomplished and D is the domain description, let
Trans((S,t,D)) be the correspnding logic program with negation. We as-
sumethat the set of axiomsin D doesnot contain any cyclesthrough nega-
tion. Furthermore, let Sol(S,t,D) be the set of solutions as debna in Def-
inition 11. Then,

1. Sol(S,t,D) = %if and only if Trans((S,t,D)) hasno answer sets.
2. If Sol(S,t,D) & % then the following holds:

(a) For every plan P Sol(S,t,D), there is an answer set of
Trans((S,t,D)) and a sequene of primitive taskstg,tq,...,t,,
suchthat the predicates task TBA(t;,i) that are true in this an-
swer set and the t; correspnd exactly to the stepsp; in P.

(b) For every answer set of Trans((S,t,D)) there is a sequene@ of
primitive tasksty,...,t,, suchthat the predicatestask TBA(t;, i)
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are true in this answer set, and this sequen@ constitutes a plan
[to,...,tn]" Sol(S,t,D).

Pro of. The proof is in three steps:

Step 1: We take a closelook at the search tree, introduced in Def-
inition 10, which gives a formal and handy description of the causal
theory introducedin Section4. Through Theorem 14, this seard tree
is linked with our planning problem asintroducedin Debpnition 8.

Step 2: Herewe list somefacts about the rules usedin the translation
Trans(4. They will be usedin the next step.

Step 3. We shaw by induction the precise relationship between
branches in the seard tree and the existence of stable models and
the predicatestrue in them.

We now give the details of the steps.

Step 1

It isimmediate that the 2°¢ ertry in the triple #S,t .quseq, t’$represeits the
causedtasks (as debnedin Debnition 13): they are all ground and primitiv e.
The operators that are applied to thesetasks are the markings on the edges
above that node #S,t .qusca, t’$ There are also edgesmarked by methods:
they just denote which method has beenusedin the processto decompse
the brst compound task in the 3"¢ entry of the node immediately above it.

As long asthe 37¢ ertry t’ is not yet empty, the tree is expandeduntil a
successfubranch is built up. Of course,it can alsolead to (1) a dead end:
the Pnal node might be unsuccessfulor (2) it might never end and the same
methods are applied and lead to longer and longer lists of tasksin t’.

By the very construction of the tree and by the Debnition 13, we have
the following

t is causable wrt. (S,D)
if and only if
there is a successfubranch for the tree for #S, %t$

Moreover, comparing the debnition of the tree with the original dePnition
of a planning problem, we get that all the plans # ' Sol(S,t,D) are ob-
tained by traversing the successfulbranchesand putting together the edge
labellings that correspond to the operator applications (note that theseare
the ground instancesof primitiv e tasks, i.e., the actions in our plan).
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Step 2

We now show formally the relation of the tree to the stable models of
Trans((S,t, D)). Sewral things are worth noticing beforewe give the formal
proof.

1. All the predicatesusedin Trans((S,t,D)) carry as last argumert a
time variable T. This is used,informally, to denotethe time when this
predicate is active. In a stable model wheretask TB A(ty, 5) holds, this
is interpreted as task t; is to be accomplishal at time 5. Similarly,
methods(h, 7) meansthat the third method for the task h is selected
to decompseh at time 7.

2. The brst task at time 0 is h; in t’ (forced by DePnition 19) in all
stable models of Trans((S, t, D)).

3. The state predicatesrepresert the current state at any point in time:
in _state(a,5) meansthat atom a is true at time 5, out_state(a,5)
means that a is not true at time 5. Note that the initial state is
encadedin Debnition 16, and all changes(when operators are applied)
areformalisedin DebPnition 23: out_state(.) is responsiblefor the delete
lists. The checked state predicate usesthe state predicatesto ched
whether the preconditions of a method are satisbedin the state at
time T.

4. The brst part of Trans((S,t,D)) debPnedin Debnition 26 ensuresthe
following: in all stable models of Trans((S,t, D)), for all time points
T, exactly one of the methods mq, ..., my that are applicable to the
current task is selectedat time T to decomposeit. This is because
stable models are minimal.

5. We note that the taskTBA predicate can be true for seweral tasks
at a particular time point. Suppose we have a stable model of
Trans((S,t,D)) where taskTBA(t, 5) holds and t is a compound
task. Suppose further that a method m is selectedto decompset
(i.e. method(t, 5) holds in that stable model), and that the precondi-
tions of m are true in the current state sot can be decomposedinto
t1,t2. Then, becauseof the brst rule in Debnition 28, task TBA(t4,5)
is true aswell. If t; werea compound task and a method decomposes
it into other tasks, then the Prst of these tasks would again be the
current task at time 5. This goes on as long as a primitiv e task is
found (which would alsobe true at time 5). In that case,there are no
rules of the form in DePnition 26 available (since theserules are only
stated for compound tasks). Then the time T is incremerted by one,
due to the 2"¢ casein the debnition of CAU SAB LE .
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6. causabk(h, T, T,,+1) informally meansthat the task h is causedat
time point T,+1 using a method, which was decomposedat time T;.
Such a predicate is true in a stable model only if there is a path on
the seard tree in which h hasbeendecompsedand its subtaskshave
all beencaused.

7. Note that the two rules mertioning the predicate plan_f ound (see
Step 5. above) ensurethat either there is at least one stable model (in
which the causablepredicate is true) or there are no stable models at
all (becausethere is a negative cycle). This is the only place where
there is a potential cycle through negation which could lead to the
nonexistenceof stable models.

Step 3

Let us consider the translation Trans*((S,t,D)), which is exactly like
Trans((S,t, D)), except that the clause plan_f ound : ) not plan_f ound
is not included. Note that this is the only cycle through negation in
Trans((S,t, D)) which can be the causeof nonexistenceof stable models.
The other two placeswhere there are potential conficts are in Trans(AX)
and in Trans(ME TH) (via the checked state predicates and the method
predicatesin 1.). Howewver, we explicitly assumedthat AX is free of cycles
through negation, and it can be easily seenthat the complete instantiation
of the checked state predicatesis alsostratibed. Also the rules for the meth-
ods ensurethat if the taskTBA predicate is true, there are always stable
models (there are only even cyclesthrough negation).

It is trivial (but tedious) to shawv formally by induction on the length of
a path in the seard tree that the following holds:

1. If path is a path in the seard tree for (S, t, D), then there is an answer
set Ans of Trans™((S,t, D)) suc that the following holds:

() For all taskst and time point i: taskTBA(t, i) holds in Ans if
and only if task t (compound or not) occurs as the brst task in
t’ at a node of task-depth i.

(b) For all tasks t and time points i: method;(t, i) holds in Ans if
and only if method, is the labelling of an edgeat task-depth i of
the path, for everyj = 1...N.

(c) For all tasks h and time points i, e,f : causabk(h, e,f) holds in
Ans if and only if the following holds:

¥ the task h has beendecompmsedat the path at task-depth
e, and
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¥ all hOsuccessottasks t; are causableat time points g such
that e, g, f (i.e. causabk(t;,4g;) holdsin Ans for all
successottaskst; of h, wherewe havee, g;, f).

(d) For all atomsa and time point i: in _state(a, i) holdsin Ans if and
only if aiistrue in the state represerted by the node of task-depth
i in the path.

2. If Ans is an answer set of Trans*((S,t, D)), then there is a path in
the seard tree for (S, t,D) such that the above properties 1(a)b1(d)
hold.

Note that the above formulation includes the situation where the plan-
ning problem has no solution. In that case,there is no successfulpath in
the seart tree. But there still might be inbnite paths. These are gener-
ated becausetasks are decomposedwithout being replaced, eventually, by
primitiv e tasks. Soevenfor thosepaths, there are corresponding stable mod-
els (in which the time variable T is unbounded). Of course,the predicate
plan_f ound doesnot hold in thesestable models. Thus, if we include the rule
plan_found : ) not plan_f ound, then we get the desired result: successful
branchesexist if and only if there exist stable models. !

COROLLARY 31 (Soundnessand Completenessof Trans(§). The answer
setsof Trans((S, t, D)) correspnd exactlyto the plansin Sol (S,t,D). There
is a bijection between thesetwo sets and each plan in Sol (S,t,D) can be
reconstructed from its correspnding answersetin Trans((S,t, D)) and vice
versa.

COROLLARY 32 (Soundnessand Completenessof Trans(§ wrt SHOP).

If the axioms AX in D do not contain any (positive or negative) cycles,then
the answersetsof Trans((S,t, D)) corresmpnd exactly to the plans computed
by SHOP.

The corollary follows easily from the theorem and the fact that SHOP
itself has beenshawn to be a sound and complete planner.

Note that the only reasonwhy we assumethe axiomatic theory in D
is free of cyclesis becausethe SHOP implementation cannot handle suc
axioms. In principle, sud axioms would causeno problem for the abstract
SHOP procedure,which makesno commitment about what kind of inference
procedureto use. The soundnessand completenessresult for the abstract
SHOP procedure [Nau et al., 1999; 2000 says something like Oifthe infer-
enceprocedureis sound and complete, then sois the planning procedure.O
Howevwer, in the inference procedureusedin the implementation of SHOP,
SHOP would go into an inPnite loop even for simple axioms likea ! a.
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Soour overall result (all plans returned by SHOP are also obtained using
our ASP framework) still holds, even without this assumption. In fact, our
method computes plans that an ideal version of SHOP would compute as

well.

5.2

It is thus complete for such a version of SHOP.

Exp erimen tal Study

In our experimernts, we usedthe following three dilerent planning domains:

The

The

Simple-T ravel Domain This domain is oneof the domainsincluded
in the distribution of the SHOP planning system. The scenariofor the
domain, as described in [Nau et al., 1999;200d, is that we want to
travel from onelocation to another in a city. We have three locations:
downtown, uptown, and park. There are two possiblemeansof trans-
portation: by taxi and by bus. Taxi travel involves hailing the taxi,
riding to the destination and paying the driver $1.50 plus $1.00 for
ead mile travelled. Bus travel involves hailing the bus, paying the
driver $1.00, and riding to the destination. Thus, dilerent plans are
possible depending on the weather conditions, the distance between
our current location and the onewe want to go, and how much money
we have.

Miconic-10-sim test Domain This is the domain as described in
Section 4.3. It is cortained in a seriesof benchmarks <http://www.
informatik.uni-  freiburg.de/~koehler/elev/elev.html> and it
wasrecertly usednot only to measurethe performanceof various plan-
ners but also for other translation methods from planning problems
into ASP (seehttp://www.fcs.nmsu.edu/~tson/asp_planner/>

The Zeno-T ravel Domain The Zeno-Travel problem was one of the do-

mains that were introduced as recert benchmarks in International
Planning Competition (IPC-2002).° This domain involves transport-
ing peoplearound in planes, using dilerent modes of movemert: fast
and slow. There were four versions of this domain in the competi-
tion; namely STRIPS, NUMERIC, SIMPLE-TIME, and TIME. In the
NUMERIC version, aircrafts consumefuel at dilerent rates accord-
ing to the mode of travel. Using a small set of symbolic fuel levels,
the SIMPLE-TIME version managesto combine the benebtsof fast
travel (shorter journey times) with the assaiated costs (higher fuel
consumption) that must be balanced with the cost of refuelling to
arrive at time-e"cient plans. In the TIME version, the domain uses

91PC-2002 was organised within the Sixth International Conference on Al Planning
and Scheduling 2002 (AIPS-2002). For more information on AIPS-2002 and IPC-2002,
please see <http://www.dur.ac.uk/d.p.long/competition.htm|>
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Table 1. Comparison betweenour Smadels encading of Miconic-10-sintest

and the encading described in [Sonet al., 2001]. In this table, Onosolution®

meansthat the computer usedin these experiments ran out of memory.
Problem Trans(§ [Son et al., 2001]

S1-0 0.160 8.29
S2-0 1.160 73.41
S3-0 4.450 162.24
S4-0 12.790 964.01
S5-0s1 44.090 no solution
S5-0s2 44,490 no solution
S6-0 46.300 no solution

numbers to encade fuel consumptions, dependert on distances, and
speedsto calculate travel times in ead travel mode. This version is
essetially the domain usedto illustrate the Zenoplanning systemde-
veloped by Penberthy and Weld [<http://www.cs.washington.edu/
ai/zeno.html> ]. In our experiments we usedthe STRIPS version of
the domain.

We describe our experiments in the following subsections.In these ex-
periments, we usedthe Smodels systemv2.27 (which is available at <http:
/lwww.tcs.hut.fi/Software/smodels/> ) and the DLV system (available
at <http://www.dbai.tuwien.ac.at/proj/div/> ). For the experimernts
in the Smadels system, we used Iparse v1.0.11 as a grounding front-end.
We ran our experiments on an HP Notebook PC with an AMD 900Mhz
Processorand 256MB RAM running Linux RedHat v7.2 operating system.
In all of our experimerts, we were bnding all of solutions to ead planning
problem.

Note that we also redid the experiments of [Son et al., 2001 on our
machine so that fair comparisonscould be done. All of our source codes
are available at <http://www.cs.umd.edu/users/ukuter/ASP_Planning/
>. In our experiments on the Simple-Travel Domain using our method to-
gether with DLV, we got a speed-up of two orders of magnitude compared
to Smadels.

Comparing our metho d with [Son et al., 2001]
This section describes our comparison of the time performance of the logic
programs produced by using our translation methodology with that of the
logic-program encadings preserted in [Sonet al., 2001.

Note that the encadings proposedin [Son et al., 2001 do not produce
actual HTN encdlings. Instead, they make use of only a few properties
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of HTN s, in order to implement somecontrol knowledgein logic programs
that perform classical. In their paper, Sonet al. shovedthat employing that
cortrol knowledge hasimproved the time performanceof the logic program
that encadesan action-basedplanner.

For our experimental comparison,we had to be very careful about how
we wrote our HTN formulation of the planning domain. If two dilerent for-
mulations of a planning problem perform dilerently, then there are seweral
di'erent ways in which this can occur:

¥ The two formulations may be basedon dilerent ways of conceptualising
the problem. For example,oneformulation might involve reasoningabout
the movemert of the elewvator and whereit needsto go next, and another
formulation might involve reasoning about the movemert of the people
and where they needto go next. Thesetwo problem formulations would
produce very dilerent seard spaces.

¥ The two dilerent formulations may usebasically the sametasks, and use
them to mean basically the samething. Howewer, one formulation may
take lesstime becauseit has lower overhead, or becauseit doesa better
job of deciding which tasks should actually be generatedand explored.

For our experimerts, we did not want to use a dilerent conceptual repre-
sentation than the one used by [Son et al., 2001, becausewe wanted our
experimerts to test the performanceof the two dilerent approadces,not our
ability to devisea clever conceptualrepresenation! Thus, we were careful to
write our HTN formulation of Miconic-10-simtest sothat we usedbasically
the sameconceptual represertation that they did.

The problems that we usedin these experiments are from http://www.
cs.nmsu.edu/~tson/asp_planner> . Table 1 shows both our results and
the results from [Sonet al., 2001, which were also obtained on the Smodels
system.

In our experiments, the logic programs produced by our translation
methodology were about 1.5to 2 orders of magnitude faster than the logic
programs produced by the methodology described in [Son et al., 2001]. In
addition, our encading was able to solve problemsfor which the encading in
[Sonet al., 2001 ran out of memory. In this respect, these results conbrm
the fact that a SHOP-like HTN planning approac is a much more elec-
tive way for solving planning problems if a good set of HTN methods is
available, becausethe HTN methods constrain the size of the seard space.
They alsoillustrate that our translation method provides a way to produce
e"cient HTN -logic programs with ASP semartics to solve planning prob-
lems comparedto action-basedencaling methodologiesin the style of [Son
et al., 2001.
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Table 2. Comparing Smadels and DLV on the Simple-Travel Domain
Problem  Smodels DLV DLV grounding+Smadels

P1 3.430 0.050 0.040+0.020
P2 3.330 0.050 0.050+0.020
P3 3.190 0.030 0.030+0.000
P4 3.340 0.070 0.060+0.010
PS5 3.410 0.060 0.050+0.030
P6 3.230 0.030 0.030+0.010
P7 3.340 0.050 0.050+0.010
P8 3.260 0.040 0.040+0.010
P9 3.230 0.040 0.040+0.010
P10 3.410 0.070 0.050+0.000
P11 3.340 0.050 0.040+0.000
P12 3.250 0.020 0.030+0.010
P13 3.410 0.070 0.060+0.010
P14 3.350 0.060 0.050+0.020
P15 3.270 0.030 0.030+0.000
P16 3.380 0.060 0.050+0.010
P17 3.300 0.050 0.050+0.010
P18 3.260 0.030 0.030+0.000

Comparing Smodels and DLV using planning benchmarks

We believe that our translation methodology provides more e"cient logic
programs with ASP semariics if the system on which those programs are
implemented allows the usage of unbound variables in the programs, or,
at least, producesan intelligent grounding. Otherwise, the system tries to
make every rule ground in the input program, which decreaseshe e"ciency
of planning by causinga combinatorial explosionin the size of the seard
space.

As we described earlier, neither Smadels nor DLV is designedto work
on the logic programs with unbound variables. However, DLV Ogyrounding
di'ers from that of Smadels, and is generally believed to be more intel ligent
and smaller in size. Also, DLV is basedon deductive databasetechniques
and we expected a better handling of unbound variables. To test this hy-
pothesis, we applied our translation methodology to our elevator and trav-
elling examples.While testing this hypothesis, one must note the way the
Smodels system solves a problem. Smadels usesa front-end called Iparse
to preprocessthe programsin order to get them grounded. After the pro-
grams are grounded, the Smadels ASP solver solves the ground program
itself. Therefore, the problems solved in this systemmay not rel3ectthe ac-
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Table 3. Comparison of Smadels and DLV using Trans(§ on the Miconic-

10-sinmtest Domain
Problem  Smodels DLV DLV grounding+Smadels

S1-0 0.160 0.040 0.030+0.010
S2-0 1.160 0.060 0.050+0.010
S3-0 4.450 0.080 0.010+0.090
S4-0 12.790 0.260 0.100+0.530
S5-0s1 44.090 0.640 0.080+1.540
S5-0s2 44.490 0.680 0.090+1.840
S6-0 46.300 0.980 0.170+3.560

tual performance of the ASP solver. To accommalate this issue, we also
designeda set of experiments in which we usedDLV to produce groundings
of the programs. These groundings were then given to Smodels. The aim
in these experiments was to determine the elect of grounding done by the
front-end Iparse on the overall performanceof the Smadels system.

Tables 2 and 3 shaw our results on the Simple-Travel and Miconic-10-
simtest problems. We compared our encalings using Smaodels with Iparse
for grounding, DLV, and Smadels with DLV for grounding. These results
suggestthat our programs are much faster on DLV than on Smadels using
Iparse for grounding. One possiblereasonfor this behavior is as follows. In
Smadels we have to debnetype predicatesfor ead variable in the problem
domain description aswell asall possibleground instancesof the atoms that
canever be usedin the planning process.The result is that asthe number of
variables and the number of their possibleinstantiations increase,the time
performanceof the logic program decreasesHowever, we do not have such
constraints in DLV .

In order to test the elect of grounding in two systems, we have also
designedthe following experiments. We used DLV to produce the ground
programs, and fed theseinto Smadels, instead of using Iparse for grounding.
The result is that the overall performanceof Smadelsis increasedto almost
that of DLV on the Simple-Travel problems. Note that the last column in
Table 2 contains the sum of (1) the time for producing the grounded version
by DLV, and (2) the time it takesfor Smadelsto producethe solution based
on this grounding.

We obsened similar behaviour betweenthe two systemsfor our elevator
problems. As can be seenin Table 3, DLV performed better than Smodels
not only in direct comparison, but also when Smaodels usedthe grounding
obtained by DLV . The reasonsbehind the dilerences in the performance of
both DLV and Smadels on the problemsin Miconic-10-sintest and Simple-
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Travel domains are twofold: (1) the number of solutions for a problem, and
(2) the task depth Di.e., the length of a solution. In Simple-Travel domain,
the hardest problems has only 3 solutions, whereasthe hardest problem in
Miconic-10-simtest domain has 120 solutions. Furthermore, the length of
the solutions in Simple-Travel domainis at 4 N i.e., there are 4 stepsin the
longest plan found in this domain. However, in Miconic-10-simtest domain,
we have solutions with 20 actions in them. This meansthat the seard trees
that correspond to Miconic-10-sintest problems are much larger than the
onesthat correspond to Simple-Travel problems. As a result, our programs
required much more time to bnd all of the solutions for the problems in
Miconic-10-simest domain than they required for Simpe-Travel problems.

Note that, in Miconic-10-sintest problems, the performance of Smaodels
using DLV Ogroundingsis not asgood asthat of DLV onthe sameproblems.
One possibleexplanation for DLV Oslominancein performanceover Smadels
on these problems is that the implemented seard heuristics for the guess-
and-check method in DLV are better suited for planning problem suc as
the onesin these experiments.

The above results led us to investigate more about the performancesof
the ASP solvers(without the grounding part) of the two systems.To do this,
we designeda new set of experiments using the Zeno-Travel domain, which
was intro duced as a bendmark problem in the recert AIPS-2002 planning
competition. Theseexperiments involved harder problemsthan the previous
ones:the hardestone(e.g.p25in Table 4) hasover 20000solutions (i.e stable
models), whereasno problemin Tables2 and 3 hasmore than 120models.In
these experiments, we compared the performance of Smodels using Iparse
for grounding with that of Smaodels using ground programs produced by
DLV . Therefore, we were able to investigate the performancesof the ASP
solvers implemernted in the two systems.

The results for these experiments are showvn in Table 4. Smadels using
Iparse for grounding was only able to solve the brst two problems, and on
those problems its performance was about an order of magnitude worse
than that of DLV . Smadels with Iparse was unable to solve the rest of the
problems becauselparse ran out of memory. Table 4 also shows the time it
takesfor DLV to ground the problems. As it can be seen,DLV performs
better than Smadels, even when Smadels is using the grounding produced
by DLV . Theseresults clearly indicate the dilerence in model generation
algorithms implemented in the two systems.According to theseresults, we
can concludethat DLV is better suited for the encadings of planning with
ordered task decomgosition.

Note that on the hardest problems, namely P22-P25, of Zeno Travel,
Smadels could not Pnd a solution (Table 4). This was not becausethe
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Table 4. Cqmparison of Smadels and DLV on the Zeno-Travel Domain. In
this table, OnosolutionOmeansthat the computer usedin theseexperiments
ran out of memory.

Problem DLV DLV grounding+Smaodels
P1 0.590 0.510+0.330

P2 0.670 0.590+0.330

P3 0.410 0.380+0.060

P4 0.320 0.290+0.040

P5 0.490 0.490+0.080

P6 0.360 0.350+0.040

P7 16.440 14.340+35.210

P8 26.180 22.630+85.390

P9 38.390 36.160+76.860
P10 27.220 24.840+52.730
P11 30.370 28.150+55.550
P12 22.930 20.930+21.310
P13 16.560 14.920+22.650
P14 18.230 16.240+66.310
P15 17.020 14.960+38.190
P16 78.060 70.880+152.190
P17 66.300 62.450+62.75

P18 85.000 81.370+194.940
P19 146.030 139.700+138.240
P20 168.630 163.660+329.940
P21 120.080 117.160+106.330
P22 2025.16 1578.69+no solution
P23 4275.25 4236.60+no solution
P24 3612.96 3462.32+no solution
P25 4619.24 4585.35+n0o solution

ASP solwer itself could not solve the problems, but the ground programs
generatedby DLV weretoo big for SmadelsOdront-end Iparse to parseand
convert them into the input syntax required by Smadels. On theseproblems,
Iparse ran out of memory and the operating systemkilled its process.

InBuence of using disjunctions

Finally, we did another set of experiments to Pnd out the inBuenceof using
disjunctions in our transformation. In DepPnition 26 we used a set of rules
to represen nondeterministic choice of methods. Conceptually, these rules



46 Jurgen Dix and Ugur Kuter and Dana Nau

Table 5. Comparison of Smadels and DLV on the Simple-Travel Domain
using disjunctions
Problem  Smodels DLV DLV grounding+Smaodels

P1 3.640 0.050 0.050+0.010
P2 3.560 0.050 0.030+0.000
P3 3.360 0.030 0.030+0.000
P4 3.590 0.080 0.060+0.010
PS5 3.610 0.050 0.050+0.000
P6 3.500 0.030 0.030+0.000
P7 3.580 0.050 0.050+0.020
P8 3.480 0.040 0.030+0.010
P9 3.430 0.030 0.030+0.000
P10 3.560 0.050 0.050+0.010
P11 3.550 0.040 0.030+0.010
P12 3.450 0.020 0.010+0.000
P13 3.570 0.060 0.050+0.020
P14 3.550 0.050 0.050+0.020
P15 3.470 0.030 0.030+0.000
P16 3.580 0.050 0.050+0.010
P17 3.460 0.040 0.040+0.010
P18 3.510 0.030 0.030+0.000

can be much more easily formulated by just one disjunctive rule:

method; (h, T) - method,(h, T) - ...- methody(h, T)
I taskTBA(h,T).

Tables 5 and 6 shaw the results. While disjunctions pay o! for the sim-
pler problem (times are slightly better), they do not pay o! for the harder
Zeno-Travel problems. We do not have an explanation for this yet. We had
expectedthat sinceDLV is especially designedto deal with disjunctions, it
would perform better when using disjunctions than when we coded them
into equivalent non-disjunctive versions.

Comparison with SHOP

Encouraged by the performancesof the logic programs produced by our

translation, we prepared a set of experiments to compare the time per-

formancesof our logic-program encadings on both the Simple-Travel and

Zeno-Travel exampleswith those of the SHOP planning systemitself.
Tables7 and 8 augmert our results from Tables2 and 3 to include com-

parisonswith SHOP on the Simple-Travel and Miconic-10-sintest domains.
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Table 6. Comparison of Smadels and DLV on the Zeno-Travel Domain with
disjunctions

Problem DLV DLV grounding+Smodels
P1 0.600 0.510+0.340
P2 0.650 0.620+0.310
P3 0.410 0.410+0.070
P4 0.330 0.310+0.040
P5 0.520 0.490+0.080
P6 0.380 0.370+0.050
P7 19.390 14.420+34.790
P8 29.990 22.720+84.950
P9 43.150 35.630+75.690
P10 30.960 24.630+53.670
P11 34.170 27.920+56.080
P12 25.220 20.890+20.590
P13 18.530 14.620+22.550
P14 20.540 16.060+70.750
P15 19.460 14.880+39.430
P16 89.050 70.640+150.000
P17 73.030 62.540+63.600
P18 90.510 81.300+194.900
P19 162.110 142.210+133.450
P20 171.910 164.510+335.090
P21 121.900 120.060+106.680

For the Simple-Travel domain, the comparisonis inconclusive, becausethe
amourt of time taken by SHOP wastoo small for usto measureaccurately.
For the Miconic-10-sintest domain, the time neededby our program using
DLV was about 1 to 2 orders of magnitude more than the time neededby
SHOP.

The results of our experiments on the Zeno-Travel Domain can be seen
at Table 9. In most casesthe time neededby our program using DLV was
2.5to 3.5 orders of magnitude more than SHOP.

The experimental results are encouragingin several ways:

¥ To the best of our knowledge, this is the brst time that an ASP -based
approadh has been able to do this well on planning problems of this
calibre. Our ASP programs were slower than SHOP, but this is to be
expected since SHOP, and also its successorSHOP2, are known to be
e"cient planning systems.For example, SHOP2 was one of the fastest
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Table 7. Comparisonof Smadelsand DLV with SHOP on the Simple-Travel

Domain
Problem  Smodels DLV DLV grounding+Smaodels SHOP

P1 3.430 0.050 0.040+0.020 0.000
P2 3.330 0.050 0.050+0.020 0.000
P3 3.190 0.030 0.030+0.000 0.000
P4 3.340 0.070 0.060+0.010 0.000
PS5 3.410 0.060 0.050+0.030 0.000
P6 3.230 0.030 0.030+0.010 0.000
P7 3.340 0.050 0.050+0.010 0.000
P8 3.260 0.040 0.040+0.010 0.000
P9 3.230 0.040 0.040+0.010 0.000
P10 3.410 0.070 0.050+0.000 0.000
P11 3.340 0.050 0.040+0.000 0.000
P12 3.250 0.020 0.030+0.010 0.000
P13 3.410 0.070 0.060+0.010 0.000
P14 3.350 0.060 0.050+0.020 0.000
P15 3.270 0.030 0.030+0.000 0.000
P16 3.380 0.060 0.050+0.010 0.000
P17 3.300 0.050 0.050+0.010 0.000
P18 3.260 0.030 0.030+0.000 0.000

planning systemsin the AIPS-2002 planning competition http://www.
laas.fr/aips/

¥ Consider the OperformanceratioO for our programs, i.e., the ratio of the
amount of time they require to the time required by SHOP. If the average-
casetime complexity of our programswereworsethan that of SHOP, then
we would expect their performance ratio to get worse with increasing
problem size.In our experiments, the performanceratio did not seemto
get worsewith increasingproblem size.
Although there is not enough data to say so conclusiwely, this suggests
that the average-casdime complexity of our programs may be roughly
the sameas that of SHOP. This gives reasonto hope that future im-
provemerts in our programsand in ASP solvers may make it possibleto
get performance competitiv e with planning systemssud as SHOP.

¥ In the HTN formulation of the Miconic-10-sintest domain, the average
branching factor (the averagenumber of subtasksof ead task) is smaller
than in the Zeno Travel domain. The performanceratio for our programs
is about two orders of magnitude better in the Miconic-10-sinmtest do-



Planning in ASP using OTD 49

Table 8. Comparison of Smadels and DLV using Trans(d with SHOP on
the Miconic-10-simtest Domain

Problem Smaodels DLV DLV grounding SHOP (DLV / SHOP)

+ Smaodels Ratio
S1-0 0.160 0.040 0.030+0.010 0.000 -
S2-0 1.160 0.060 0.050+0.010 0.010 6
S3-0 4.450 0.080 0.010+0.090 0.000 -
S4-0 12.790 0.260 0.100+0.530 0.020 13
S5-0s1 44.090 0.640 0.080+1.540 0.060 10.67
S5-0s2 44.490 0.680 0.090+1.840 0.060 11.33
S6-0 46.300 0.980 0.170+3.560 0.090 10.89

main than in the Zeno Travel domain. As explained later in Section 6, a
likely explanation is that the ASP systemsare creating ground instances
of clausesthat are irrelevant for the planning process,becausethe num-
ber of sud irrelevant ground instances grows combinatorially with the
branching factor.

If this hypothesisis correct, then it may be possibleto improve the perfor-
mance of our ASP systemsNpossibly by sewral orders of magnitudeNif

we can avoid creating the ground instances.In the near future, we will

test our system on more planning domains and compare our approac
with other well-known planning systems.We are also planning to imple-
ment our approach on two systems,namely the XSB system([Rao et al.,
1997) and the front-end software developed by P. Bonatti for Smadels
([Bonatti, 2001b;20014), both of which can handle unbound variables,
unlike DLV and Smadels.

6 Conclusions and Future Research Directions

In this paper, we have described a way to encade HTN planning problems
into logic programs under the answer set semartics. This transformation is
not only soundand complete, but it alsocorrespondscloselyto HTN plan-
ning systemswhich generate plans by using ordered task decompositions.
Previous encalings (as Prst introducedin [Dimopoulos et al., 1997) either
consideronly or they take a special view of HTN planning (as constraint-
basedplanning in [Sonet al., 2001)).

In general, STRIPS -style preconditions do not have enough expressie
power to provide the amount of control that is neededfor e"cient plan-
ning. It is not hard to formulate examplesof planning problems for which a
STRIPS-style represenation of the problem will have a much larger seard
spacethan the seart spacethan can be achieved with a more expressie
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Table 9. Comparison of DLV with SHOP on the Zeno-Travel Domain
Problem DLV SHOP PerformanceRatio
(DLV / SHOP)

P1 0.590 0.000

P2 0.670 0.010 67.00
P3 0.410 0.000 -
P4 0.320 0.010 32.00
PS5 0.490 0.000 -
P6 0.360 0.000 -
P7 16.440 0.020 822.00
P8 26.180 0.030 872.67
P9 38.390 0.070 548.43
P10 27.220 0.040 680.50
P11 30.370 0.030 1012.34
P12 22.930 0.020 1146.50
P13 16.560 0.060 276.00
P14 18.230 0.020 911.50
P15 17.020 0.020 851.00
P16 78.060 0.090 867.34
P17 66.300 0.060 1105.00
P18 85.000 0.070 1214.29
P19 146.030 0.120 1216.92
P20 168.630 0.130 1297.15
P21 120.080 0.100 1200.80
P22 2025.16  3.050 663.99
P23 4275.25 12.250 349.00
P24 3612.96 7.980 452.75
P25 4619.24 12.860 359.19

represenation sud as SHOPOHTN s, or the temporal-logic cortrol rules
usedin TLplan [Bacchus and Kabanza, 200q and TALplanner [Kvarnstrem
and Doherty, 2001]. The practical result of this is that SHOP and TLplan
and TALplanner have beenable to solve far more planning problems than
STRIPS -style planning systemsand have beenable to solve them in sev-
eral orders of magnitude lesstime in extensive empirical comparisonsacross
dozensof planning domains [Nau et al., 1999; Bacchus and Kabanza, 2000;
Bacdus, 2001;Fox and Long, 2004.

To test our approach, we have usedit to create both Smadels and DLV
logic programs, for three dilerent Al planning domains: the Miconic-10-
simtest domain, the Simple-Travel Domain, and the Zeno-Travel domain.
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Here is a summary of our experimental results and what we believe they
signify:

HTN vs. action-based In our experiments, our Smadels logic programs
clearly outperformed the corresponding onesdescribed in [Sonet al.,
2001], which are basedon answer set semartics. Our programs took
several orders of magnitude lesstime to solve planning problems, and
they solved se\eral problemsthat were inaccessibleto the basedASP
systems.This is due largely to the HTN -style control knowledgethat
our translation methodology encades into the logic programs. HTN
planning is more expressie than [Erol et al., 19964, and in particu-
lar, the domain description for an HTN formulation of a domain can
include domain-specibcknowledge about how to carry out the plan-
ning processNknowledgethat cannot be expressedn an action-based
formalism. To dewvelop this domain-specibcknowledge can take a sig-
nibcart amount of human elort, but it canenablethe planning system
to seard a much smaller seart spacethan the seart spaceexplored
by action-basedformalisms.

DLV vs. Smodels In our experiments on the Simple-Travel Domain us-
ing our method together with DLV, we got a speed-up of two orders
of magnitude comparedto Smodels. We believe one of the reasonsfor
this is that Smodelsrequirestype predicatesto be debnedasan input,
which creates combinatorially many ground instances of the clauses
in the logic program. For any given problem instance, most of these
clausesare likely to be irrelevant. But our experimerts also revealed
that the grounding of Smadels is not the only sourceresponsible for
this behaviour. By using the grounding obtained from DLV and then
running Smadels, we still got a performanceof Smadels that doesnot
compete with DLV .

SHOP vs ASP In our experiments, our logic-program encadings were
not competitive with SHOP. That is not particularly surprising, since
SHORP is a state-of-the-art HTN planning system. Howewer, we bnd
it quite interesting and encouragingthat in our experimernts, the time
requiremert for our logic-program encadings did not seemto grow any
faster than proportional to SHOPOdime requiremert.

We believe that most of the dilerence in performanceis due to the
grounding medanism underlying ASP systems.In order to run our
logic-program encading of an HTN domain, both DLV and Smaodels
must Prst ground the program. This can generate many ground in-
stancesfor the rules that correspond to the methods. For example,
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supposethat a method m correspondsto r dilerent rules, that the
number of unground variablesin ead rule is ¢, and that the number
of possiblevaluesfor ead variable is k. Then there will berk< ground
instancesfor the rules. Now, supposewe are trying to accomplisha
task t that is unibped with a method m. Then in DLV and Smaodels,
the branching factor of the seart spacemay potentially be as high
asrke in the worst case.At the samenode of the seart space,the
branching factor for SHOP will typically be much less,becauseSHOP
will be able to use method instancesthat are only partially ground.
Furthermore, if there are p dilerent predicate symbols in the domain
description, then there will be pk® ground instancesof the frame axiom
for the domain. SHOP will not have any of theseinstancesbecauseit
doesnot needthe frame axiom.

If the dilerence in performanceis becauseof the reasonsdescribed
above, then we should be able to get a great improvemert in perfor-
mance by using systemslike XSB. We have just started investigating
this aspect.

We emphasisethe fact that our method doesnot useany particular fea-
tures of the enginefor computing answer sets. Obviously, taking advantage
of the particular searth method of Smadels, or the bottom-up ewaluation
of DLV, it would be possibleto write even more e"cient translations. But
our aim is to dewelop a translation that is independent of the underlying
nonmonotonic engine.

As a byproduct, we believe our method can be easily used as a way
to transfer benchmarks from the planning community to bencdimarks for
comparing nonmonotonic systems based on computing answer sets. This
is becauseour method does not rely on the features of a particular ASP
system. In the near future, there are seeral additional investigations that
we would like to perform:

¥ We want to test the benchmarks on the XSB system, a Prolog system
which not only allows function symbols but alsounbound variablesat the
sametime. Theseare featuresthat neither Smodels nor DLV provide. We
believe that we can get a competitiv e planning systemoncewe can apply
our translation into a nonmonotonic systemwith thesetwo features.

¥ In all of our experimerts, we were Pnding all of solutions to eat planning
problem. However, in most planning domains, one just wants to bnd a
single solution (hopefully a near-optimal one). In SHOP, bnding a single
solution takesexponertially lesstime than Pnding all solutions. Whether
it takesexponertially lesstime for our logic-program encadingsis an open
guestion, and we would like to run additional experiments to Pnd out.
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¥ Wearealsoplanning to compareour method with Smadels equipped with
a front-end to allow for (restricted use of) unbound variables ([Bonatti,
2001b;20014d). The latter system has been developed by Piero Bonatti
and is a front-end system that can be added to any system computing
answer setsand basedon grounding. This would also allow for compar-
isonsof systemswith built-in grounding to those who do not require this
(but are, in general, slower). Again, we believe that seriousbenchmarks
from the planning community can help a lot to evaluate nonmonotonic
systems.

Our overall aim is to investigateto what extent state-of-the-art nonmono-
tonic theorem provers can compete with dedicated planners (in particular
those based on HTN ) and what lessonswe can learn from the dilerent
translation methods. We expect that optimal translations (if they exist)
depend on the particular application area. Developing a methodology to
determine or classify such domains seemsto us to be worthwhile.
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