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Abstract

One difficulty with existing theoretical work on HTN
planning is that it does not address some of the planning
constructs that are commonly used in HTN planners for
practical applications. Although such constructs can make it
difficult to ensure the soundness and completeness of HTN
planning, they are important because they can greatly
improve the efficiency of planning in practice. In this paper,
we describe a way to achieve some of the advantages of
such constructs while preserving soundness and
completeness, through the use of what we will ealernal
conditions We describe how to detect some kinds of
external conditions automatically by preprocessing the
planner’s knowledge base, and how to use this knowledge to
improve the efficiency of the planner’s refinement strategy.
We present experimental results showing that by making use
of external conditions as described here, an HTN planner
can be significantly more efficient and scale better to large
problems.

I ntroduction

Problem Description
Applied work in Al planning has typically favored

relationships among them. Given a task to accomplish, the
planner chooses an applicable method, instantiates it tc
decompose the task into subtasks, and then chooses at
instantiates other methods to decompose the subtasks eve
further. If the constraints on the subtasks or the interactions
among them prevent the plan from being feasible, the
planner will backtrack and try other methods.

Although HTN-style planners have been the ones most
used in practical applications (Aarap al. 1994; Wilkins
and Desimone 1994; Agosta 19%mithet al. 1996; Estlin
et al! 1997), most theoretical work to date is in the area of
partial-order refinement planners such as UCPOP
(Penberthy and Weld 1992nd more recently in graph-
and circuit-based planners (Blum and Furst 1997; Kautz
and Selman 1992).

One exception has been theoretical work on HTN
planning at the University of Maryland. This work has
shown HTN planning to be strictly more expressive than
planning with STRIPS-style operators (Eatlal. 1994b),
has established the soundness and completeness of HT
planning algorithms (Ercét al. 1994a), and has explored
the complexity of HTN planning problems (Eret al.
1996) and the efficiency of various search strategies
(Tsunetoet al. 1996; Tsunetet al 1997). The code for the
UMCP domain-independent planner (which we used for

approaches based on hierarchical decomposition ratherthe experiments reported in this paper) is available at
than causal chaining. In particular, most successful <http:/www.cs.umd.edu/projects/plus/umcp>.

planners for practical applications have usétarchical
task networkHTN) planning (Sacerdoti 1977; Tate 1977,

Unfortunately, the above work did not incorporate
several of the planning constructs used in previous HTN

Currie and Tate 1991; Wilkins 1990), an Al planning planning systems, such as unsupervised conditions an
methodology that creates planstagk decompositioiThis high-level effects (Tate 1977). Such constructs are often
is a process in which the planning system decomposesysed in practical applications of HTN planning because
tasks into smaller and smaller subtasks, until primitive they can be very useful for improving the efﬁciency of

tasks are found that can be performed directly. HTN planning—but the UMCP planner does not incorporate
planning systems have knowledge bases containingthem because they can make it difficult to guarantee the
methods_(also calledschemasb_y some researchers). Each planner’s soundness and completeness.

method includes (1) a prescription for how to decompose = As an example, consider high-level effects. Some HTN-
some task into a set of subtasks, (2) various restrictions thatsty|e p|anners allow the user to state in the p|anner’s
must be satisfied in order for the method to be applicable, knowledge base that various non-primitive tasks will

and (3) various constraints on the subtasks and the

! Their DPLAN and MVP planners are not completely HTN
planners, but they employ a combination of HTN planning and
operator-based planning.

Copyright © 1998, American Association for Artificial Intelligence
(www.aaai.org). All rights reserved.



achieve various effects. Such planners can use these high
level effects to establish applicability conditions, and can
prune the partial plan if a high-level effect threatens an
applicability condition. This can interfere with the
planner’s soundness. For example, if a non-primitive task
has a high-level effed, but one of the sub-plans thatan
be decomposed into does not have the effe¢hen this
may cause the planner to produce an inconsistent plan.
Also, even when there is a high-level effect to establish a
condition, there may be a threat to that establishment that
can only be found by looking at primitive tasks. This
problem can be overcome, but only by imposing
restrictions on how high-level effects are used (Bacchus
and Yang 1991, Younet al. 1994).

Despite these problems, the ability to recognize
important effects early is critical to the good performance
of a planner. By examining those actions most likely to

effect others, pruning of the search space can occur and
much backtracking can be avoided. Ways are needed to

provide the sort of information needed for this pruning
without sacrificing soundness or completeness.

Approach

In this paper, we describe one way to address the
problem discussed above, through the use of what we call
external conditionsWe also show that if an HTN planner
recognizes and makes use of external conditions in an
appropriate fashion, this can greatly improve the efficiency
of HTN planning, while preserving soundness and
completeness.

External conditions can be described intuitively as
follows. Suppose that to accomplish some task in aiplan
we decide to use some methbd Furthermore, suppose
that there is some conditio@ that must be satisfied in
order forM to be successful, but that there is no way to
decomposeM into a sub-plan that achievés Then the
plan P may still be successful, but only if some other
portion of P achievesC. In this case, we say that the
conditionC is externalto the methodV.

External conditions do not really have a good analog in

preconditions that must be satisfied before the operator cal

be executed, an HTN methdimay include specifications

of several different kinds of conditions that must be

satisfied in order forM to be used successfully. We

describe the most important ones here, using the notatior
that is used for them in the UMCP HTN planner.

* A predicate taskwhich is sometimes called a GOAL

node (Tate 1977) or an achievement task, is analogous ti

a precondition in a STRIPS-style planning operator: it is

a condition that must be true at the time that the method

M begins executing.

An initial state constrainspecifies a condition that must

be true in the initial state in order fdf to be used. For

example, ifM contains the constraifinitially (~Q ?x)),

this constraint can be satisfied only if it is possible to

bind the variable?x to some valueC such tha{Q C) is

false in the initial state. Normally, one would use an
initial state constraint only to refer to a condition that
will never change throughout the plan.

* A ‘before’ state constrainsuch as(before (P ?x) n)
specifies a condition that must be true just before some
subtaskn of the methodVl. This state constraint can be
establishedby a taskT if T has the effec(P ?y), T
precedes the taskin the plan, and the variables and
?y are instantiated to the same value. Similaigfore
(P ?x) n) can behreatenecdiy a taskT if T has the effect
(=P ?2), T precedes the task, no establisher of the
constraint occurs aftef and before, and the variables
?x and?z are instantiated to the same value.

A ‘between’ state constraindpecifies a condition that
needs to be true during a specific time interval. For
example, the ‘between’ state constrgimtween (P ?x)

nl n2) is satisfied if the conditiotP ?x) is true from the
end of the taslnl to the beginning of the taske. A
‘between’ state constraint can be established or
threatened in a manner similar to a ‘befarehstraint.

Task Selection and FAF
One characteristic of partial-order planners—regardless of

STRIPS-style planning, but they are somewhat analogousWhether they use HTN decomposition or STRIPS-style
to the unsupervised conditions used in the Nonlin planner OPerators—is that they search a space in which the node
(Tate 1977) and external-condition goals used in the SIPE-are partially developed plans. The planner refines the plan:
2 planner (Wilkins 1990). The main difference is that into more and more specmc plans, until eltherac.ompletely
instead of being specified explicitly as unsupervised developed solution is found or every plan is found
conditions or external-condition goals are, external incapable of solving the problem.

conditions occur as a result of the structure of the planner's  During this process, a planner may often have many
knowledge base, and can be detected by examining thedifferent options for what kind of refinement to perform
knowledge base. We also believe that external conditionsNext. A planner that uses STRIPS-style operators may nee
may be a good way to capture many of the benefits found to choose which unachieved goal to work on next, which

in some planners via the use of high-level effects. operator to use to achieve a goal, or which technique to ust
(promotion, demotion, or variable separation) to resolve a

goal conflict. An HTN planner usually has an even larger
array of options: it may need to choose which unachieved
task to work on next, which method to use to accomplish
the task, or which constraint (from among a number of
different possibilities) to impose on the plan. The planner’s
efficiency depends greatly on péan refinement strategy

Background

How Constraints Are Handled in HTN Planning
Just as a STRIPS-style planning operator specifies



which is the way it goes about choosin
among these options.

Of the various plan refinement
strategies that have been explored H
Al planning researchers, one of the be
that has been found so far is a strateg
that we call the “fewest alternativeq
first” (FAF) strategy, which chooses thq
refinement that has the fewes
immediate child nodes in the search
The first use of FAF by planning|the constraint formuld.

bt
y

Constraints: (ini

W0: (Prepare-Table) —= n1: (Cook-Pancake-Task ?pc ?egg ?milk) —= n2: (Eat ?pc)

0 (between (Have pancake-mix) nO n1) [O(before (Hot ?pc) n2)

Figure 2: The pancake method {&at-Breakfast-Task). The downward-pointing arro
[represent task decomposition, and the right-pointing arrows represent precede
tasks in the decomposition are labelech@snl, andn2 so that they can be referred tT in

(Eat-Breakfast-Task)

tially (Egg ?egg)) O (initially (Milk ?milk))

VS
ice.

researchers seems to have occurred

relatively recently (Currie and Tate

1991), but a similar heuristic has been

known in the constraint satisfaction literature for more than
20 years (Bitner and Reingold 1975; Purdom 1983). In
recent experimental studies comparing various versions of
FAF with other well known plan refinement strategies
(Joslin and Pollack 1994; Tsunett al. 1996), FAF
outperformed the other refinement strategies on many
planning problems and planning domains. Furthermore,
theoretical analyses of FAF (Tsunetv al. 1997) have
shown that FAF can produce exponential savings in the
size of the planner’s search space. Since FAF is a genera

search heuristic,. however, it does not always do as well as

other strategies that use domain-specific planning
knowledge.

When there are two or more goal tasks in a problem, the
tasks can often be interleaved; i.e., an effect of one goal
task can be used to satisfy the state constraints of anothe

External Conditions

An external condition of a methasl a state constraint that
cannot be established by any task that may result from the
method. Thus, if the method is to be used successfully in

a plan, the plan must establish this state constraint by
somethingexternalto the method (such as the initial state
or some other task in the planning problem).

| More formally, letM = <T, ¢> be a method, wher&is

the set of subtasks created by the methodgisdhe set of
constraints for the method. Then a conditionis an
external conditiorof M if:

1.cis a state constraint but not an initial state constraint;
2.c must be necessarily true to satigfiand
B. no primitive descendaritsf tasks inT can establisk.

goal task. By interleaving goal tasks, the planner can createas an example, suppose you want to eat a breakfast o
plans that have fewer redundant actions—and in someeijther pancakes (made from pancake mix) or cereal. We
cases, interleaving may be the only way to generate a plancan encode this situation as an HTN planning problem in
at all. which there is a task calleght-Breakfast-Task that has two

While interleaving tasks is essential in HTN planning, it decomposition methods: one to eat pancakes (as shown i
is often hard for the planner to know which tasks can be Figure 2) and one to eat cereal. As shown in Figure 2, the
interleaved successfully. The planner does not know pancake method decompoggs-Breakfast-Task into three
exactly what effects a non-primitive task has until the task subtasksPrepare-Table, Cook-Pancake-Task, andEat. Let
is decomposed into primitive tasks; and the decomposition ys assume that the methods for these tasks involv
process can introduce more state constraints to the plan tha(l) putting the syrup, fork and knife on the table, (2)
may not already be established. The failure to interleave cooking the pancakes, and (3) serving and eating the
tasks successfully often leads to a large backtracking cost. pancakes, respectively.

Although FAF does generally better than other = The pancake method has four state constraints. The
strategies, its performance is still ragged for many following analysis shows that the only external condition
multiple-goal problems. If the planner is trying to establish for this method igbetween (Have pancake-mix) n0 ni):

more than one constraint,_often _it will do so by trying to , (initially Egg 2egg)) and (initially (Milk 2milk)) are not
interleave tasks; and if it tries to interleave several tasks at external conditions, because they are initial state

once, then the number of possible ways to interleave them ;
. ; ; . - constraints.
can be combinatorially large. Thus, if the interleaving bet H ke-mi 0 n1) is an external
doesn't work, the planner can waste large amounts of time® (P€tween (Have pancake-mix) n0 n1)
condition, because preparing the table does not cause

exploring a large search space. In order to avoid such ancake mix to be there and no subtasks can occu
difficulties, the planner needs to know which state Eeforeno

constraints should be established early by interleaving
tasks, and the task selection should use such knowledge to
arrange the search. 2 A descendent of a tagkis a task that appears as a result of
recursively decomposing
® To distinguish between task names and predicate names (bot
here and throughout this paper), we put the latter in italics.




» (before (Hot ?pc) n2) is not an external condition,

conditions in the partial plan. This requires the following:

because the condition “the pancake ?pc is hot” is causedi. When it loads its knowledge base, the planner must pre

by the tasln1.

The ExCon Strategy

After some method! is instantiated as part of some partial
plan, every external condition & becomes one of the
applicability conditionsin the partial plan; i.e., it is a
condition that must be establishe®dmewherein any
completion of the partial plan if the completion is to be
successful for the current problem. If the applicability

condition cannot be satisfied, the planner may not be able

to tell this until long after it has instantiated the methd
in which case the planner will incur large backtracking
costs. In many situations, the planner has to backtrack ove
more than one applicability condition, which multiplies the
backtracking costs.

Consider the breakfast axple again. Suppose we have
a planning problem with two goal task&hopping-Task
and Eat-Breakfast-Task (see Figure 3). Suppose that the
initial state does not contaifave pancake-mix), but that

compute external conditions for every decomposition
method in the domain and store the information.

.The data structure of a partial plan keeps the stack of
applicability conditions. Initially, the partial plan has no
applicability conditions. During a method instantiation,
the external conditions of the method are pushed ontc
the top of this stack. The condition on top is the current
priority to the planner.

3.When selecting a task to decompose, the priorities are
given to (1) tasks which can possibly establish the
current top condition, or (2) tasks which can possibly
threaten the current top condition, based on the presenc
of a primitive establisher.

" The algorithm for the third step (selecting a task to

decompose) is shown in Figure 4. For selecting tasks in
Steps 1, 4, and 5, the algorithm uses whatever task
selection strategy the user wishes (we use FAF for this
purpose in the experiments described in the next section)
We now describe the details of the algorithm.

~

depending on what is on sale at the store, one possibl
outcome ofShopping-Task is to buy a pancake mix. Given

the goal, a task-selection strategy such as FAF may choogé

Eat-Breakfast to work on first. This will generate two

partial plans, one using the pancake method (Planl in th¢
figure) and the other using the cereal method. The plannef

has to choose a non-primitive task suclCask-Pancake-
Task or Shopping-Task in Planl to work on next.

Goal

T:
/(g Eat-Breakfast-Task
g2:
Shopping-Task
Applicability conditions. empty

Planl (Pancakes)

iAIgorithm select-task-ExComartialPlan)
If the applicability condition stack éfartialPlan is empty
then select a task frofartialPlan and return the result.
Else, set to the first element of the applicability condit
stack inPartialPlan.

If ¢ is true in PartialPlan, then removec from thg
applicability condition stack and go back to Step 1.
If there is no primitive task that establisheshen comput
possible establishers far Select a task among them
return the result.

Else, compute possible threats forSelect a task amo
them and return the result.

If there are no possible establishers or possible th
remove ¢ from the applicability condition stack

L2, on

[¢)

hnd

9

eats,
of

PartialPlan and go back to Step 1.

/ Decompose gl\
nl

no: : Plan2 (Cerea
XPrepare-Table» Cook-Pancake-Task
I 4 n2:

Eat

©oco0o

g2:

Shopping-Task
Applicability conditions:
(betweenKlavepancake-mix) n0 n1)

VRN

ooo ©co0o

Figure 3: A part of the search tree for the breakfast problem.
‘I represents the initial state.

If sometime later the planner finds that tBigopping-Task
does not actually buy a pancake mix, then the entire searc
branch derived from Planl fails. The cost of such
backtracking can be significantly large if the planner
worked on the taskook-Pancake-Task down to the
detailed level and then finds the failure while working on
the Shopping-Task.

The idea of the ExCon strategy is to shift the attention of
the planner to concentrate on establishing applicability

Figure 4: The task selection algorithm for ExCon.

In Step 1, if there are no applicability conditions to
achieve, then the planner selects and returns a task. Whe
there are applicability conditions, Step 2 picks the one on
top of the stack. If the current condition is already
established without threats in the partial plan, then Step @
removes the condition from the stack and goes back tc
select something else. Otherwise, Step 4 computes the nor
primitive tasks in the plan that can possibly establish the
condition, provided the condition is not established by any
primitive task currently in the plan. If it is established by a

kprimitive task, then possible threats are computed and ont

Is selected in Step 5. Otherwise, there are only primitive
tasks that might affect this condition, so Step 6 will remove
it from the stack and go back to select another one.

Note that since ExCon'’s task-selection strategy merely
specifies the order in which a planner will prefer to expand
tasks, it has no effect on the planner's soundness ant
completeness: a planner that is sound and complete withot



it will also be sound and
complete with it.

Experiments

We implemented FAF and
ExCon in UMCP version 1.0,
using Allegro Common Lisp
version 4.3 on SUN
workstations. We ran two sets of
experiments: one on a small
artificial domain and one on the
Translog domain. We
incorporated each task selection

(a): a method for (p-task ?x)

(b): a method for (g-task ?x)

(c): a method for (r-task ?x)

no: nl: n2:
(do-pl) > (p ?x)> (do-p2)

no: nl: n2:
(do-q1) > (q ?x)> (do-q2)

no: nl: n2:
(do-r) >(r ?2x) > (do-r2

Constraints:
(betweeng ?x) n1 n2)

Constraints:
(betweend ?x) n1 n2)

Constraints:
(betweenr(?x) n1 n2)

(d): a method to achievel(p ?x)

(e): a method to achieve (g ?x)

(f): a method to achieve (r ?x)

no: nl:
(del-p ?x ?y)> (set-p ?x)

no: nl:
(del-q ?x ?y)> (set-q ?x)

no: nl:
(del-r 2x ?y)> (set-r ?x)

Constraints:

(before £p ?x) n0)O
(before p ?y) n0)
(betweengrepp) nO n1)

Constraints:

(before £q ?x) n0O)O
(before ¢ ?y) nO)O
(betweengrepq) nO nl)

Constraints:

(before €r ?x) nO)O
(before £ ?y) n0O)D
(betweengrepr) nO nl)

strategy into UMCP’s default
commitment strategy, and used
depth-first search for all the Figure 5: The decomposition methods for the test domain. Each non-primitive task has ex
experiments. Although we do not one method specified. The tasks shown in boldface are primitive tasks.

show CPU-time results for the

experiments described below, the

CPU times in our experiments were basically proportional
to the node counts.

Computing possible establishers and possible threats.

As shown in Figure 4, Steps 4 and 5 of ExCon’s task-
selection compute the possible establishers and the possibl
threats of the applicability condition. In our
Implementation of ExCon in UMCP implementation, the planner uses the possible effects tabls

Automatically extracting external conditions. to compute them. First the planner finds all non-primitive
Computing precisely which state constraints are external tasks in the partial plan that are not ordered after the poin
conditions is not a trivial matter since it requires the Where the condition needs to be true. It then looks up the

planner to know the exact variable bindings that can occur possible effects table to see if any of them can possibly
during the planning. To see which tasks affect which establish or threaten the condition, and returns the result
constraints, UMCP uses possible-effects table®o store Although this method returns (as possible establishers o
information about which non-primitive tasks are capable of Possible threats) some tasks that can never establish nc
causing various kinds of effects. Since the exact effect of threaten the condition, it finds every possible establisher
each non-primitive task depends on which decomposition and possible threat to the condition.

methods are used and how the variables are bound, the

table only specifies which non-primitive task can possibly Experimentson an artificial domain

affect each pre.d.icate. The ta.ble is a table of plairs] . We hypothesized that in comparison with FAF, ExCon
wherep is a positive or a negative predicate symbol and tis gj,4y1d perform best in problems that contain lots of
ahnon-prlmliuve task. A paitp, tD'Sfm kt]he table if one of interleaved tasks, and also in problems where there are
the possible decompositions of the taskontains a  many phossible ways to interleave the same tasks. To tes
primitive tasks such that one ofs effects is the literal these hypotheses, we experimented with ExCon on the tes
(p aLgument§b| . o b 4 by g domain described below.

The possible effects table can be constructed by a e test domain contains methods for accomplishing
planner by preprocessing the domain. During the plannmg, compound tasks callggitask, g-task, andr-task. As shown
th? p!anner kca_m IEOk up the tablel tol see which .”C;”' in Figure 5, these methods decompose the compound task
primitive task in the current partial plan can possibly ni, other tasks. Most of the other tasks are primitive tasks.
establish or threaten certain constraints in order to prunep 4 few of themp(, g, andr) are predicate task#lost of
partial plans that have no way of satisfying necessary statehe primitive tasksdo-p1, do-p2, do-q1, do-g2, do-r1 and
constraints. do-r2) have no preconditions and effects. Each predicate

To extract the g;gternal conditiolns I?f each r;?ethod. ‘F‘.”;e task has two methods that are capable of achieving it: one
domain, we modified UMCP to look at each non-initial ¢t the methods shown in Figure 5(d)-5(f), anda-

state constraint and find all the subtasks that are notNothing method’
explicitly ordered after the point where the condition needs
to be true. If none of those subtasks can possibly establish
the condition, the state constraint is marked as an external’ If a predicate task has already been established, it is said to b
condition. This method will not necessarily extract all Phantomizecbecause the planner will not need or want to

external conditions. We are currently trying to find a better establish it yet again. There are several well known ways to
way to extract them. handle phantomization. UMCP handles it by insertin® @

Nothing method (basically a no-op) into the plan.




The primitive task(del-p ?x ?y) has the effecté-p ?y) (ex. the constraint (befokp ?x) n) is the external condition
and (prep p). The task(set-p ?x) has the effect¢ ?x) and for the Do-Nothing method of the tasfp ?x). )
(~prep p). The predicate tasip W) for some valuev can

be achieved in two ways: by phantomizing it if the litépal Table 1: The average numbers of search nodes created over tt
W) is true at the beginning of the tagkw); or by doing 100 randomly generated problems in the artificial test domain.
(del-p W Z) followed by (set-p W) if at the beginning of the FAF | Excon| FAF| Excon| FAF| Excon

task (p W), the literal(p W) is false and the litergp z) is 2 goals | 1 predicate 2 predicates 3 predicatds

true for some valu@&. The taskslel-q anddel-r are defined
similarly to the tasklel-p, and the taskset-q andset-r are
definedysimilarly to the tasket-p. An initial state for this SOZA) 12.3| 123] 30.2| 26.2] 562 383
domain consists of three ground atqms,) (q w,) and 10% 142] 142] 36.1) 29.7] 68.7 43.8
(r w,), wherew,, w, andw, are constant values randomly | 3goals | 1 predicate 2 predicateg 3 predicatq
chosen from the setil, C2, C3, C4, C5, C6}. 90% 16.5| 16.2] 40.2| 38.8| 79.1 52.5

In this test do_main, the amount of interleaving can be [ 509 345 348| 176l 64.4/| 1414 105
altered by varying the arguments of the goal tasks: al 109, | 53.6] 535| 473] 101] 3302 141
problem is highly interleaved if the arguments of mmpst
task goal tasks are the same, and it is less interleaved if the
arguments of mogt-task goal tasks are different.

90% 10.5 10.5] 22.5] 21.9( 35.8 32.6

[)

Table 1 shows our experimental results. At 90% overlap,
most predicate tasks can be phantomized and the amount ¢
backtracking is minimal. Thus, the performances of the two
Eg ggg | 7ot (artask C2)-# g2: (r-task C3)#g3: (p-task C6) strategies £gzlre almost the samg. As the overlap rate
4: (p-task C - (0- . decreases to 50% and 10%, less and less predicate tas
(rc4) 9@ 65 (qtask O g6 (-task O4) can be phantomized. The planner has a harger time trying
Figure 6: A sample problem with 2 goals, 3 predicates and 50% to order tasks consistently in such a way that
overlap. | represents the initial state which consistspo€6(, phantomization will work between the goals. For example,
(q C4) and { C4). consider the problem shown in Figure 6. If the planner
orders the task g3 before the task g4, the sulgpask) of
We generated test problems as follows. Goals were 93 can be phantomized by the initial state. On the other
random sequences of one-tgsk only), two (-task and hand, if the planner orders the task g6 before the pask g2
q-task) or three g-task, g-task andr-task) different tasks ~ then the subtaskr C4) of g6 can be phantomized.
that need to be done. How many different tasks were in the However, the planner cannot phantomize kipta6) and
goals decided the number of predicates in the problems. A(r C4) because of the ordering constraints.
problem consisted of two or three goals, with no ordering
constraints between them. We randomly assigned 90% overlap 50% overlap 10% overlap
arguments to the tasks based on an “overlap rate” of 10%, ,0007—— 20006, 200%
50% or 90%. For example, if the overlap rate were 100%,
all the arguments of thp-task tasks would be identical to

the p value in the initial state. If the overlap rate were 0%, 150% 150% Il -

the arguments fop-task’s and thep value in the initial

state would all be unique. If the overlap rate were 30%, 55, | =" 100% 100% | =100%
there would be a 30% probability that the argument of a 1 2 3 1 2 3 1 2 3

p-task is used in anothgr-task or the atonp in the initial
state. We varied the overlap rate to create problems with
various degrees of interleaving. We also varied the number
of predicates appearing in the problems to change the
chances that the planner tries to interleave multiple
predicate tasks. A sample problem is shown in Figure 6.

We created and tested 100 problems of 1, 2 or 3
predicates used, 10%, 50% or 90% overlap, and 2 or 3
goals, totaling 1800 problems tested. We counted the
number of search nodes, i.e. partial plans, created during
the planning and computed the average for each type of
problem. The results are shown in Table 1.

Figure 7: The relative performance of FAF and ExCon on 2-goal
problems. The x-axis gives the number of predicates in the goals
and the y-axis gives the ratio (# search nodes by FAF) / (# searct
nodes by ExCon).

Figures 7 and 8 are graphs of the data in Table 1, tha
show how the relative performance of FAF and ExCon
depends on number of predicates in the goal. Note that a
the number of predicates increases, FAF's performance
degrades much more quickly than ExCon’s. This is
because FAF creates many more search nodes in order t
: . phantomize predicate tasks. Since ExCon works on one
The ExCon strategy first extracts the external conditions predicate at a time until it is established or fails, the planner

of each of the methods. The methpds in Figure 5(3)_(.(:) does not have to backtrack over multiple predicates as i
have no external conditions while the methods in does with FAF

Figure 5(d)—(f) have two external conditions each (the first
two ‘before’ state constraints). Also, thH®o-Nothing
method for each predicate task has one external condition.



We tested (a) one-package delivery problems, (b) two

0, 0, 0,

90% overlap 50% overlap 10% overlap package delivery problems where the packages are of thi
200% 0% 2200% | same package type and have the same initial location an
1000% oo destination, (c) two package delivery problems where the
°T ° FAF ih At
150% | o004 1300% packages are of the same package type and the destinatic
1 1000% 4 of one of the packages is the same as the initial location o

400% A 700% J .
400% 1 A— the other package, (d) two package delivery problems
100 I=—— 100%1 ; 7 100 ; = y ’ where the packages are of the same type but none of th

initial locations or the destinations are the same, and (e
Figure 8: The relative performances of FAF and ExCon for 3-goal tWO package delivery problems where the packages are o
problems. The x-axis gives the number of predicates in the goals,the different types. We randomly created 50 problems, 10

and the y-axis gives the ratio (# search nodes by FAF) / (# searchProblems for each type of problems, with various package
nodes by ExCon). types (egular, bulky, liquid, livestock or granular) and

locations (among 15 locations). The results are shown in
The graphs in Figure 9 show how the relative Table 2.
performance of FAF and ExCon depends on the overlap
rate. For the problems with 1 predicate, the difference Table 2: Average number of nodes generated by FAF and ExCor
between FAF and ExCon is insignificant. For the problems on Translog problems. For two-package delivery problems,
with 2 or 3 predicates in the goals, FAF is clearly spending “Package types” shows whether the packages have the same tyg

more time backtracking than ExCon. and so can be carried by the same delivery truck.
Problem Package | FAF ExCon | FAF/ExCon
1 predicate 2 predicates 3 predicates types
200% 500% 2200% lpack (a) 0 67.9 67.9 1.00
400% { 16000 ] 2pack (b) | same 932.6] 1331.4] _ 0.70
150% §—————— 300% To000r ] 2pack () | same 799.9] 7217 1.11
200% 1 40006 ] S— 2pack (d) same 14159 731.9 1.93
o O Y 2pack (e) | different | 1366.3] 518.2 2.64
% % % % % % % % %

For one-package delivery problems, there is almost no
interleaving in the problem, so the performances of FAF
and ExCon are similar. For two-package delivery
problems, the performances of the two strategies depend
on how much tasks can be successfully interleaved
between two goal tasks. For the problems of type (b), the
task of moving trucks to the necessary locations can be
completely interleaved between the two goals. So FAF can
perform well on these problems. On our ten test problems,
FAF produced fewer search nodes on average than ExCo
although ExCon outperformed FAF on 7 out of 10
problems. For the problems of type (c), the task of moving
a truck to the initial location of the second package can be
interleaved by delivering the first package first. ExCon
. . . does this more efficiently than FAF. For the problems of
Experiments with the Translog Domain type (d), although the two packages are of the same type
We now describe our experiments with FAF and ExCon in and same trucks can be used, no interleaving can actuall
the Translog domain (Andrewst al. 1995). Translog is a  work, since the locations are all different. Both ExCon and
transportation logistics domain specifying various delivery FAF make attempts to interleave tasks, but ExCon realizes
methods for various types of packages. For example, itthe failure faster than FAF does. The similar occurrence
specifiesgranular packages such as grain must be delivered takes place for the problems of type (e) where the two
by hopper trucks. If the packages are the same type and thepackage types are different.
itineraries are the same, then two delivery tasks can be
interleaved by using the same truck and carrying the
packages at the same time. Even if the itineraries are Conclusions
different, if the destination of a package A is the initial
location of the other package B, then the task of moving
the truck to the initial location of B can be interleaved by
carrying and delivering package A first.

Figure 9: The relative performance of FAF and ExCon on 3-goal
problems. The x-axis gives the overlap rate, and the y-axis gives
the ratio (# search nodes by FAF) / (# search nodes by ExCon).

ExCon does slightly worse than FAF on average for the
problems with 3 goals, 1 predicate, and 50% overlap. For
other types of problems, ExCon may perform worse than
FAF on certain problems but on average, ExCon performs
better. ExCon may not do well if search branches fail for
reasons such as the failure of variable bindings, or state
constraints except external conditions. We need to study
commitment strategies as a whole to improve such
situations. in the future

In this paper, we have shown how an HTN planner can
avoid many situations that cause complexity in multiple-
goal and interleaved problems, by identifying and handling



external conditions We have presented ExCon, a task Blum, A. L. and Furst, M. L. 1997. Fast Planning Through
selection strategy that makes use of these conditions.Planning Graph Analysis.Artificial Intelligence
ExCon causes the planner to explore tasks that are likely t090(1-2):281-300.

affect the applicability conditions of other tasks first, e K. and Tate. A. 1991. O-Plan: The Open Planning
significantly reducing backtracking. In our empirical  architecture Artificial Intelligence 52:49-86.
studies, ExCon consistently outperformed FAF on complex

problems, doing increasingly well on the problems where Erol. K; Hendler, J.; and Nau, D. 1994a. UMCP: A Sound

multiple goals were involved. Planning. InProc. Second Conference on Al Planning
SinceExCon enables the planner to establish conditions Systems (AIPS-94)

in the plan at less detailed levels, it produces some of theErol. K.; Hendler, J.; and Nau, D. 1994b. HTN Planning:

same improvements in planning efficiency that one might Complexity and Expressivity. IRroc. AAAI-94.

try to get using planning constructs such as unsuperwsedESHin, T. A Chien, S. A.; and Wang, X. 1997. An

preconditions or high-level effects. In addition, it has the Argument for Hybrid HTN/Operator-Based Approach to
following advant.a.ges: . .. Planning. InProc. Fourth European Conference on
+ External conditions do not have to be specified explicitly Planning (ECP-97)184-196.

by the user, but instead are found automatically by the .
Y y oy Joslin, D. and Pollack, M. E. 1994. Least-Cost Flaw

planning system when it pre-compiles its knowledge ; ; ;
e i ; ; i Repair: A Plan Refinement Strategy for Partial-Order
base. This will make it much easier for users to maintain ;
Planning. InProc. AAAI-94 1004—-1009.

the knowledge base.

« ExCon is a task-selection strategy, not a search-spaceKaUtZ, H. and Selman, B. 1992. Planning as SaIISfIabI“ty
pruning heuristic: it simply specifies the order in which a In Proc. Tenth European Conference on Artificial
planner will prefer to expand tasks. Thus, it has no effect Intelligence 359-363.

on the planner’s soundness and completeness: a plannepenberthy, J. S. and Weld, D. 1992. UCPOP: A Sound,
that is sound and complete without it will also be sound Complete, Partial Order Planner for ADL.Pnoc. KR-92.

and complete with it. Pollack, M. E.; Joslin, D.; and Paolucci, M. 1997. Flaw
Selection Strategies for Partial-Order Plannidgurnal of
Acknowledgments Artificial Intelligence Research, 223-262.
Purdom, P. W. 1983. Search Rearrangement Backtracking

This research was supported in part by grants from ONR 5,4 polynomial Average Timédirtificial Intelligence 21:
(N00014-J-91-1451), ARPA (N00014-94-1090, DABT-95- 117_13%/. g J .

C0037, F30602-93-C-0039), ARL (DAAH049610297) and ) ]
NSF (NSF EEC 94-02384, IRI-9306580). Sacerdoti, E. 1977A Structure for Plans and Behavior.

American Elsevier Publishing Company.

Smith, S. J.; Nau, D.; and Throop, T. 1996. Total-Order
References Multi-Agent Task-Network Planning for Contract Bridge.

Aarup, M.; Arentoft, M. M.; Parrod, Y.; Stader, J.; and In Proc. AAAI-96

Stokes, |. 1994. OPTIMUM-AIV: A knowledge-based Tate, A. 1977. Generating Project Networks.Rnoc.
planning and scheduling system for spacecraft AIV. In 1JCAI-77, 888-893.

Fox, M. and Zweben, M., editoritelligent Scheduling Tsuneto, R.: Erol, K.: Hendler, J.: and Nau, D. 1996.
451-469. Calif: Morgan Kaufmann,. Commitment Strategies in HTN Planning. Pnoc. AAAI-
Agosta, J. M. 1995. Formulation and Implementation of an 96, 536-542.

Equipment Configuration Problem with the SIPE-2 Tgyneto, R.; Hendler, J.; and Nau, D. 1997. Space-Size
Generative Planner. IRroc. AAAI-95 Spring Symposium  Minimization in Refinement Planning. IRroc. Fourth

on Integrated Planning Application$—10. European Conference on Planning(ECP-97)

Andrews, S.; Kettler, B.; Erol, K.; and Hendler, J. 1995. \jkins, D. 1990. Can Al planners solve practical

UM Translog: A planning domain for the development and problems?Computational Intelligencé (4): 232—246.

benchmarking of planning systems, Technical Report, CS-_ . . .
TR-3487 Ulni%ersi[:y of II\/IgryI)(/amd. I P Wilkins, D. E. and Desimone, R. V. 19%pplying an Al

i planner to military operations planningn Fox, M. and
Bacchus, F. and Yang, Q. 1991. The downward reflnementZWeben’ M., editors, Intelligent Scheduling, 685—709.

Bitner, J. and Reingold, E. 1975. Backtrack Programming Young, R. M.; Pollack, M. E.; and Moore, J. D. 1994.
TechniquesCACM 18(11). Decomposition and Causality in Partial-Order Planning. In

Proc. Second Conference on Al Planning Systems.



