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Preface

From a research perspective, running a competition pushes the envolope in
the development and implementation of new or improved algorithms and data
structures. The fourth international planning competition, IPC-4 for short, has
attracted many competitors, and we as the organisers hope that the event will
be a significant step in promoting the acceptance and applicability of planning
technology.

The competition and its organisation is splited into two parts. On the one
hand, there is the classical part that, in continuation of the previous competition
events, considers “classical” fully deterministic and observable planning. On the
other hand, there is – for the first time in the history of the event – a probabilistic
part, featuring factored encodings of fully observable Markov decision problems.
In both parts, variations of PDDL as the common language lay the basis for the
competition.

The 4th IPC has several exciting aspects. On the one hand, the classical
track features more realistic benchmark domains, formulated (in part) with
the help of two new language extensions. There is an extra track for optimal
planners (planners that give a guarantee on the quality of the returned solution),
and with round about 20 competing systems the event is even a little larger
than its already large predecessors. The existence of the probabilistic part is,
of course, exciting in itself. It is a great success in that it also attracted several
competing systems, since the probabilistic competition is completely new!

Talking about competing systems, the organisers wish to say a big “thank
you” to all the participating teams for their efforts. There is significant bravery
in the submission of a planning system to a competition, where the choice and
design of the benchmark problems is up to the competition organisers, not to
the individuals!

It is the first time that a booklet like this is distributed at the host con-
ference. The organisers hope that, with this booklet, the transparency and
understandability of the competition event, at the time of its happening (or at
least shortly after), will greatly improve. The actual results of the competition
are, of course, not yet collected at the time of writing. The results will be made
available at ICAPS’04 in the form of posters that will be put up in the coffee
break room.

The booklet is divided into two parts, one about the classical part of IPC-4,
one about the probabilistic part. Both parts contain extended abstracts written
by participating teams, describing their planner or their planners – each team
was allowed to enter (at most) two competing systems. Note that the abstracts
were written while the competition was still running, so the abstracts might
not describe the full functionalities of the final system versions. Each part of
the booklet also includes a brief presentation of the PDDL variant used. For
the classical part we have added an extra abstract giving brief description of
our benchmark domains, to give people an idea of what kinds of problems the
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planners were tested on, and how we created these problems.
We hope that, by reading this booklet, everybody receives an impression of

the the fun, importance and charme of this year’s competition event. We wish
all of you an exciting conference!

Stefan Edelkamp and Jörg Hoffmann (co-chairs classical track)
Michael Littman and H̊akan L. S. Younes (co-chairs probabilistic track)
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Introduction
The 3rd International Planning Competition, IPC-3, was run
by Derek Long and Maria Fox. The competition focussed
on planning in temporal and metric domains. For that pur-
pose, Fox and Long developed the PDDL2.1 language (Fox
& Long 2003), of which the first threelevelswere used in
IPC-3. Level 1 was the usual STRIPS and ADL planning,
level 2 added numeric variables, level 3 added durational
constructs.

In this document, we describe the language, named
PDDL2.2, used for formulating the domains used in the clas-
sical part of IPC-4. As the language extensions made for
IPC-3 still provide major challenges to the planning commu-
nity, the language extensions for IPC-4 are relatively mod-
erate. The first three levels of PDDL2.1 are interpreted as
an agreed fundament, and kept as the basis of PDDL2.2.
PDDL2.2 also inherits the separation into the three levels.
The language features added on top of PDDL2.1 arederived
predicates(into levels 1,2, and 3) andtimed initial literals
(into level 3 only). Both of these constructs are practically
motivated, and are put to use in some of the competition
domains. Details on the constructs are in the respective sec-
tions.

The next section discusses derived predicates, including a
brief description of their syntax, and the definition of their
semantics. The section after that does the same for timed
initial literals. Full details, including a BNF description of
PDDL2.2, can be found in a technical report (Edelkamp &
Hoffmann 2004).

Derived Predicates
Derived predicates have been implemented in several plan-
ning systems in the past, including e.g. UCPOP (Penberthy
& Weld 1992). They are predicates that are not affected by
any of the actions available to the planner. Instead, the pred-
icate’s truth values are derived by a set of rules of the form
if φ(x) then P (x). The semantics are, roughly, that an in-
stance of a derived predicate (a derived predicate whose ar-
guments are instantiated with constants; afact, for short) is
TRUE iff it can be derived using the available rules (more
details below). Under the name “axioms”, derived predi-
cates were a part of the original PDDL language defined by
McDermott (McDermott & others 1998) for the first plan-
ning competition, but they have never been put to use in a

competition benchmark (we use the name “derived predi-
cates” instead of “axioms” in order to avoid confusion with
safety conditions).

Syntax
The BNF definition of derived predicates involves just two
small modifications to the BNF definition of PDDL2.1:

<structure-def> ::= :derived−predicates

<derived-def>

The domain file specifies a list of “structures”. In
PDDL2.1 these were either actions or durational actions.
Now we also allow “derived” definitions at these points.

<derived-def> ::= (:derived <atomic
formula(term)> <GD>)

The “derived” definitions are the “rules” mentioned
above. They simply specify the predicateP to be de-
rived (with variable vectorx), and the formulaφ(x) from
which instances ofP can be concluded to be true. Syntacti-
cally, the predicate and variables are given by the<atomic
formula(term)> expression, and the formula is given
by <GD>(a “goal descrption”, i.e. a formula).

The BNF is more generous than what we actually allow
in PDDL2.2, respectively in IPC-4. We make a number of
restrictions to ensure that the definitions make sense and are
easy to treat algorithmically. We call a predicateP derived
if there is a rule that has a predicateP in its head; otherwise
we callP basic. The restrictions we make are the following.

1. The actions available to the planner do not affect the de-
rived predicates: no derived predicate occurs on any of
the effect lists of the domain actions.

2. If a rule defines thatP (x) can be derived fromφ(x), then
the variables inx are pairwise different (and, as the no-
tation suggests, the free variables ofφ(x) are exactly the
variables inx).

3. If a rule defines thatP (x) can be derived fromφ, then the
Negation Normal Form (NNF) ofφ(x) does not contain
any derived predicates in negated form.

The first restriction ensures that there is a separation be-
tween the predicates that the planner can affect (the basic
predicates) and those (the derived predicates) whose truth
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values follow from the basic predicates. The second restric-
tion ensures that the rule right hand sides match the rule left
hand sides. Let us explain the third restriction. The NNF of a
formula is obtained by “pushing the negations downwards”,
i.e. transforming¬∀x : φ into ∃x : (¬φ), ¬∃x : φ into
∀x : (¬φ), ¬

∨
φi into

∧
(¬φi), and¬

∧
φi into

∨
(¬φi).

Iterating these transformation steps, one ends up with a for-
mula where negations occur only in front of atomic formulas
– predicates with variable vectors, in our case. The formula
contains a predicateP in negated formiff there is an oc-
curence ofP that is negated. By requiring that the formulas
in the rules (that derive predicate values) do not contain any
derived predicates in negated form, we ensure that there can
not be any negative interactions between applications of the
rules (see the semantics below).

An example of a derived predicate is the “above” pred-
icate in theBlocksworld, which is true between blocksx
andy wheneverx is transitively (possibly with some blocks
in between) ony. Using the derived predicates syntax, this
predicate can be defined as follows.

(:derived (above ?x ?y)
(or (on ?x ?y)

(exists (?z) (and (on ?x ?z)
(above ?z ?y)))))

Note that formulating the truth value of “above” in terms
of the effects of the normalBlocksworld actions is very awk-
ward (the unconvinced reader is invited to try). The predi-
cate is the transitive closure of the “on” relation.

Semantics
We now describe the updates that need to be made to the
PDDL2.1 semantics definitions given by Fox and Long in
(Fox & Long 2003). We introduce formal notations to cap-
ture the semantics of derived predicates. We then “hook”
these semantics into the PDDL2.1 language by modifying
two of the definitions in (Fox & Long 2003).

Say we are given the truth values of all (instances of the)
basic predicates, and want to compute the truth values of the
(instances of the) derived predicates from that. We are in this
situation every time we have applied an action, or parallel
action set. (In the durational context, we are in this situation
at the “happenings” in our current plan, that is every time a
durative action starts or finishes.) Formally, what we want to
have is a functionD that maps a set of basic facts (instances
of basic predicates) to the same set but enriched with derived
facts (the derivable instances of the derived predicates). As-
sume we are given the setR of rules for the derived predi-
cates, where the elements ofR have the form(P (x), φ(x))
– if φ(x) then P (x). ThenD(s), for a set of basic factss, is
defined as follows.

D(s) :=
⋂
{s′ | s ⊆ s′,∀(P (x), φ(x)) ∈ R : ∀c, |c| = |x| :

(s′ |= φ(c) ⇒ P (c) ∈ s′)}
This definition uses the standard notations of the modelling
relation|= between states (represented as sets of facts in our
case) and formulas, and of the substitutionφ(c) of the free
variables in formulaφ(x) with a constant vectorc. In words,
D(s) is the intersection of all supersets ofs that are closed
under application of the rulesR.

Remember that we restrict the rules to not contain any
derived predicates in negated form. This implies that the
order in which the rules are applied to a state does not matter
(we can not “lose” any derived facts by deriving other facts
first). This, in turn, implies thatD(s) is itself closed under
application of the rulesR. In other words,D(s) is the least
fixed point over the possible applications of the rulesR to
the state where all derived facts are assumed to be FALSE
(represented by their not being contained ins).

More constructively,D(s) can be computed by the fol-
lowing simple process.

s′ := s
do

selecta rule(P (x), φ(x)) and a vectorc of constants,
|c| = |x|, such thats′ |= φ(c)

let s′ := s′ ∪ {P (c)}
until no rule and constant vector could be selected
letD(s) := s′

In words, apply the applicable rules in an arbitrary order
until no new facts can be derived anymore.

We can now specify what an executable plan is in
PDDL2.1 with derived predicates. All we need to do is to
hook the functionD into Definition 13, “Happening Execu-
tion”, in (Fox & Long 2003). By this definition, Fox and
Long define the state transitions in a plan. The happenings
in a (temporal or non-temporal) plan are all time points at
which at least one action effect occurs. Fox and Long’s def-
inition is this:

Definition 13 Happening Execution (Fox and Long
(2003))
Given a state,(t, s,x) and a happening,H, theactivity for
H is the set of grounded actions

AH = {a| the name fora is in H, a is valid and
Prea is satisfied in(t, s,x)}

Theresult of executing a happening, H, associated with time
tH , in a state(t, s,x) is undefined if|AH | 6= |H| or if any
pair of actions inAH is mutex. Otherwise, it is the state
(tH , s′,x′) where

s′ = (s \
⋃

a∈AH

Dela) ∪
⋃

a∈AH

Adda (∗ ∗ ∗)

andx′ is the result of applying the composition of the func-
tions{NPFa | a ∈ AH} to x.

Note that the happenings consist of grounded actions, i.e.
all operator parameters are instantiated with constants. To
introduce the semantics of derived predicates, we now mod-
ify the result of executing the happening. (We will also adapt
the definition of mutex actions, see below.) The result of ex-
ecuting the happening is now obtained by applying the ac-
tions tos, then subtracting all derived facts from this, then
applying the functionD. That is, in the above definition we
replace(∗ ∗ ∗) with the following:

s′ = D(((s \
⋃

a∈AH

Dela) ∪
⋃

a∈AH

Adda) \D)
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whereD denotes the set of all derived facts. If there are no
derived predicates,D is the empty set andD is the identity
function.

As an example, say we have aBlocksworld instance
where A is on B is on C,s = {clear(A), on(A,B),
on(B,C), ontable(C), above(A,B), above(B,C),
above(A,C)}, and our happening applies an action that
moves A to the table. Then the happening execution
result will be computed by removingon(A,B) from s,
adding clear(B) and ontable(A) into s, removing all
of above(A,B), above(B,C), and above(A,C) from s,
and applyingD to this, which will re-introduce (only)
above(B,C). Sos′ will be s′ = {clear(A), ontable(A),
clear(B), on(B,C), ontable(C), above(B,C) }.

By the definition of happening execution, Fox and Long
(Fox & Long 2003) define the state transitions in a plan. The
definitions of what an executable plan is, and when a plan
achieves the goal, are then standard. The plan isexecutable
if the result of all happenings in the plan is defined. This
means that all action preconditions have to be fulfilled in
the state of execution, and that no two pairs of actions in a
happening aremutex. The planachieves the goalif the goal
holds true in the state that results after the execution of all
actions in the plan.

With our above extension of the definition of happening
executions, the definitions of plan executability and goal
achievement need not be changed. We do, however, need
to adapt the definition of when a pair of actions is mutex.
This is important if the happenings can contain more than
one action, i.e. if we consider parallel (e.g. Graphplan-style)
or concurrent (durational) planning. Fox and Long (Fox &
Long 2003) give a conservative definition that forbids the
actions to interact in any possible way. The definition is the
following.

Definition 12 Mutex Actions (Fox and Long (2003))
Two grounded actions,a andb arenon-interferingif
GPrea ∩ (Addb ∪Delb) = GPreb ∩ (Adda ∪Dela) = ∅ (∗)

Adda ∩Delb = Addb ∩Dela = ∅
La ∩Rb = Ra ∩ Lb = ∅

La ∩ Lb ⊆ L∗a ∪ L∗b

If two actions are not non-interfering they aremutex.

Note that the definition talks about grounded actions
where all operator parameters are instantiated with con-
stants. La, Lb, Ra, and Rb refer to the left and right
hand side ofa’s and b’s numeric effects.Adda/Addb and
Dela/Delb area’s andb’s positive (add) respectively neg-
ative (delete) effects.GPrea/Gpreb denotes all (ground)
facts that occur ina’s/b’s precondition. If a precondition
contains quantifiers then these are grounded out (∀x trans-
forms to

∧
ci, ∃x transforms to

∨
ci where theci are all ob-

jects in the given instance), andGPre is defined over the re-
sulting quantifier-free (and thus variable-free) formula. Note
that this definition of mutex actions is very conservative – if,
e.g., factF occurs only positively ina’s precondition, then
it does not matter ifF is among the add effects ofb. The
conservative definition has the advantage that it makes it al-
gorithmically very easy to figure out if or if nota andb are
mutex.

In the presence of derived predicates, the above defini-
tion needs to be extended to exclude possible interactions
that can arise indirectly due to derived facts, in the precon-
dition of the one action, whose truth value depends on the
truth value of (basic) facts affected by the effects of the
other action. In the same spirit in that Fox and Long for-
bid any possibility of direct interaction, we now forbid any
possibility of indirect interaction. Assume we ground out
all rules(P (x), φ(x)) for the derived predicates, i.e. we in-
sert all possible vectorsc of constants; we also ground out
the quantifiers in the formulasφ(c), ending up with vari-
able free rules. We define a directed graph where the nodes
are (ground) facts, and an edge from factF to fact F ′ is
inserted iff there is a grounded rule(P (c), φ(c)) such that
F ′ = P (c), andF occurs inφ(c). Now say we have an ac-
tion a, where all ground facts occuring ina’s precondition
are, see above, denoted byGPrea. By DPrea we denote
all ground facts that can possibly influence the truth values
of the derived facts inGPrea:

DPrea := {F | there is a path fromF to anF ′ ∈ GPrea}
The definition of mutex actions is now updated simply by
replacing, in the above definition,(∗ ∗ ∗) with:

(DPrea ∪GPrea) ∩ (Addb ∪Delb) =
(DPreb ∪GPreb) ∩ (Adda ∪Dela) = ∅

As an example, reconsider theBlocksworld and the “above”
predicate. Assume that the action that moves a blockA to
the table requires as an additional, derived, precondition,
that A is above some third block. Then, in principle, two
actions that move two different blocksA andB to the ta-
ble can be executed in parallel. Which blockA (B) is on
can influence theabove relations in thatB (A) participates;
however, this does not matter because ifA andB can be
both moved then this implies that they are both clear, which
implies that they are on top of different stacks anyway. We
observe that the latter is a statement about the domain se-
mantics that either requires non-trivial reasoning, or access
to the world state in which the actions are executed. In order
to avoid the need to either do non-trivial reasoning about do-
main semantics, or resort to a forward search, our definition
is the conservative one given above. The definition makes
the actions movingA andB mutex on the grounds that they
can possibly influence each other’s derived preconditions.

The definition adaptions described above suffice to de-
fine the semantics of derived predicates for the whole of
PDDL2.2. Fox and Long reduce the temporal case to the
case of simple plans above, so by adapting the simple-plan
definitions we have automatically adapted the definitions of
the more complex cases. In the temporal setting, PDDL2.2
level 3, the derived predicates semantics are that their values
are computed anew at each happening in the plan where an
action effect occurs.

Timed Initial Literals
Timed initial literals are a syntactically very simple way of
expressing a certain restricted form of exogenous events:
facts that will become TRUE or FALSE at time points that
are known to the planner in advance, independently of the
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actions that the planner chooses to execute. Timed initial lit-
erals are thus deterministic unconditional exogenous events.
Syntactically, we simply allow the initial state to specify –
beside the usual facts that are true at time point0 – literals
that will become true at time points greater than0.

Timed initial literals are practically very relevant: in the
real world, deterministic unconditional exogenous events
are very common, typically in the form of time windows
(within which a shop has opened, within which humans
work, within which traffic is slow, within which there is
daylight, within which a seminar room is occupied, within
which nobody answers their mail because they are all at con-
ferences, etc.).

Syntax
As said, the syntax simply allows literals with time points in
the initial state.

<init> :̄:= (:init <init-el> ∗)

<init-el> ::= :timed−initial−literals (at <number>
<literal(name)>)

The requirement flag for timed initial literals implies the
requirement flag for durational actions, i.e. as said the lan-
guage construct is only available in PDDL2.2 level 3. The
times<number> at which the timed literals occur are re-
stricted to be greater than0. If there are also derived pred-
icates in the domain, then the timed literals are restricted
to not influence any of these, i.e., like action effects they
are only allowed to affect the truth values of the basic (non-
derived) predicates (IPC-4 will not use both derived predi-
cates and timed initial literals within the same domain).

As an illustrative example, consider a planning task where
the goal is to be done with the shopping. There is a single
actiongo-shopping that achieves the goal, and requires the
(single) shop to be open as the precondition. The shop opens
at time 9 relative to the initial state, and closes at time 20.
We can express the shop opening times by two timed initial
literals:

(:init
(at 9 (shop-open))
(at 20 (not (shop-open)))

)

Semantics
We now describe the updates that need to be made to the
PDDL2.1 semantics definitions given by Fox and Long in
(Fox & Long 2003). Adapting two of the definitions suffices.

The first definition we need to adapt is the one that defines
what a “simple plan”, and its happening sequence, is. The
original definition by Fox and Long is this.

Definition 11 Simple Plan(Fox and Long (2003))
A simple plan, SP , for a planning instance,I, consists of
a finite collection oftimed simple actionswhich are pairs
(t, a), wheret is a rational-valued time anda is an action
name.

Thehappening sequence, {ti}i=0...k for SP is the ordered
sequence of times in the set of times appearing in the timed

simple actions inSP . All ti must be greater than0. It is
possible for the sequence to be empty (an empty plan).

Thehappeningat timet, Et, wheret is in the happening
sequence ofSP , is the set of (simple) action names that ap-
pear in timed simple actions associated with the timet in
SP .

In the STRIPS case, the time stamps are the natural num-
bers1, . . . , n when there aren actions/parallel action sets in
the plan. The happenings then are the actions/parallel action
sets at the respective time steps. Fox and Long reduce the
temporal planning case to the simple plan case defined here
by splitting each durational action up into at least two simple
actions – the start action, the end action, and possibly several
actions in between that guard the durational action’s invari-
ants at the points where other action effects occur. So in
the temporal case, the happening sequence is comprised of
all time points at which “something happens”, i.e. at which
some action effect occurs.

To introduce our intended semantics of timed initial liter-
als, all we need to do to this definition is to introduce ad-
ditional happenings into the temporal plan, namely the time
points at which some timed initial literal occurs. The timed
initial literals can be interpreted as simple actions that are
forced into the respective happenings (rather than selected
into them by the planner), whose precondition is true, and
whose only effect is the respective literal. The rest of Fox
and Long’s definitions then carry over directly (except goal
achievement, which involves a little care, see below). The
PDDL2.2 definition of simple plans is this here.

Definition 11 Simple Plan
A simple plan, SP , for a planning instance,I, consists of
a finite collection oftimed simple actionswhich are pairs
(t, a), wheret is a rational-valued time anda is an action
name. Bytend we denote the largest timet in SP , or 0 if
SP is empty.

LetTL be the (finite) set of all timed initial literals, given
as pairs (t, l) where t is the rational-valued time of oc-
curence of the literall. We identify each timed initial lit-
eral (t, l) in TL with a uniquely named simple action that
is associated with timet, whose precondition is TRUE, and
whose only effect isl.

Thehappening sequence, {ti}i=0...k for SP is the ordered
sequence of times in the set of times appearing in the timed
simple actions inSP andTL. All ti must be greater than0.
It is possible for the sequence to be empty (an empty plan).

Thehappeningat timet, Et, wheret is in the happening
sequence ofSP , is the set of (simple) action names that ap-
pear in timed simple actions associated with the timet in
SP or TL.

Thus the happenings in a temporal plan are all points in
time where either an action effect, or a timed literal, occurs.
The timed literals are simple actions forced into the plan.
With this construction, Fox and Long’s Definitions 12 (Mu-
tex Actions) and 13 (Happening Execution), as described
(and adapted to derived predicates) in Section , can be kept
unchanged. They state that no action effect is allowed to in-
terfere with a timed initial literal, and that the timed initial
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literals are true in the state that results from the execution of
the happening they are contained in. Fox and Long’s Defini-
tion 14 (Executability of a plan) can also be kept unchanged
– the timed initial literals change the happenings in the plan,
but not the conditions under which a happening can be exe-
cuted.

The only definition we need to re-think is that of what
themakespanof a valid plan is. In Fox and Long’s original
definition, this is implicit in the definition of vaild plans. The
definition is this.

Definition 15 Validity of a Simple Plan (Fox and Long
(2003))
A simple plan (for a planning instance,I) is valid if it is
executable and produces a final stateS, such that the goal
specification forI is satisfied inS.

The makespan of the valid plan is accessible in PDDL2.1
and PDDL2.2 by the “total-time” variable that can be used in
the optimization expression. Naturally, Fox and Long take
the makespan to be the end of the plan, the time point of the
plan’s final state.

In the presence of timed initial literals, the question of
what the plan’s makespan is becomes a little more sub-
tle. With Fox and Long’s above original definition, the
makespan would be the end of all happenings in the simple
plan, whichincludeall timed initial literals (see the revised
Definition 11 above). So the plan would at least take as long
as it takes until no more timed literals occur. But a plan
might be finished long before that – imagine something that
needs to be done while there is daylight; certainly the plan
does not need to wait until sunset. We therefore define the
makespan to be the earliest point in time at which the goal
condition becomes (and remains) true. Formally this reads
as follows.

Definition 15 Validity and Makespan of a Simple Plan
A simple plan (for a planning instance,I) is valid if it is
executable and produces a final stateS, such that the goal
specification forI is satisfied inS. The plan’smakespanis
the smallestt ≥ tend such that, for all happenings at times
t′ ≥ t in the plan’s happening sequence, the goal specifica-
tion is satisfied after execution of the happening.

Remember thattend denotes the time of the last happen-
ing in the plan that contains an effect caused by the plan’s
actions – in simpler terms,tend is the end point of the
plan. What the definition says is that the plan is valid if,
at some time pointt after the plan’s end, the goal condi-
tion is achieved and remains true until after the last timed
literal has occured. The plan’s makespan is the first such
time point t. Note that the planner can “use” the events
to achieve the goal, by doing nothing until a timed literal
occurs that makes the goal condition true – but then the
waiting time until the nearest such timed literal is counted
into the plan’s makespan. (The latter is done to avoid situa-
tions where the planner could prefer to wait millions of years
rather than just applying a single action itself.) Remember
that the makespan of the plan, defined as above, is what can

be denoted bytotal-time in the optimization expression
defined with the problem instance.
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Towards Realistic Benchmarks for Planning:
the Domains Used in the Classical Part of IPC-4

– extended abstract –
Jörg Hoffmann∗ Stefan Edelkamp†

Roman Englert‡ Frederico Liporace§ Sylvie Thiébaux¶ Sebastian Tr̈ug‖

Introduction
Today, the research discipline of AI planning is largely con-
cerned with improving the performance of general problem
solving mechanisms. Performance is measured by testing
systems on example instances of the problem to be solved.
Clearly, since no mechanism will ever be able to perform
well on all instances of a (hard) problem, one of the most
crucial issues in such a research context is what kind of ex-
amples are used for the testing. Add on top of this that, more
and more, researchers draw their testing examples from the
collections used in the IPC, and it becomes evident that the
IPC benchmarks are nowadays one of the most important
instruments for the field.

In the organisation of the (classical part of the) 4th IPC,
we therefore invested considerable effort into creating a set
of “appropriate” benchmarks for planning. The criteria ap-
plied for appropriateness were that the benchmarks should
be:

1. Oriented at applications – a benchmark should reflect
an application that the field is heading for.

2. Diverse in structure – a set of benchmarks should cover
different kinds of structure that can occur in the attacked
problem.

3. Suitable for basic research– a set of benchmarks for a
field of basic research should not omit the basic aspects of
that research.

The first of these criteria is probably the one most widely
agreed upon – indeed, AI planning has frequently been criti-
cised for its “obsession with toy examples”. In recent years,
the performance of state-of-the-art systems has improved
dramatically, and with that more realistic examples came
within reach. We made another step in this direction by

∗Institut für Informatik, Universiẗat Freiburg, Germany
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orienting most of the IPC-4 benchmarks at application do-
mains. While traditionally planning benchmarks were more
or less phantasy products created having some “real” sce-
nario in mind, we took actual (possible) applications of plan-
ning technology, and turned them into something suitable
for the competition. In the process of adapting an applica-
tion for use in the (current form of the) IPC, inevitably some
of the realism has to give way to more pragmatic considera-
tions (expected planner performance, language capabilities,
etc.). Nevertheless, we believe that the IPC-4 domains are a
significant step into the right direction.

The second of the above listed appropriateness criteria has
traditionally been given less attention than the first one, but
we believe that it is not less important. The structure un-
derlying a testing example determines the performance of
the applied solving mechanism. This is particularly true for
solving mechanisms whose performance rises and falls with
the quality of a heuristic they use. Hoffmann (2002)’s results
suggest that much of the spectacular performance of modern
heuristic search planners is due to structural similarities be-
tween most of the traditional planning benchmarks. While
this does by no means imply that modern heuristic search
planners aren’t useful, it certainly shows that in the creation
of benchmarks there is a risk of introducing a bias towards
one specific way of solving them. In selecting the bench-
mark domains for IPC-4, we took care to cover a range of
intuitively very different kinds of problem structure.1

Finally, the third of our appropriateness criteria is prob-
ably agreed on by nobody – except all the people whose
planners can only handle STRIPS. More seriously, we be-
lieve that, with all the new PDDL extensions, the planning
community ought to not let completely go of its most basic
language. Most if not all of the algorithmic approaches that
have proved successful for solving temporal and numeric
planning problems have originally been developed for the
STRIPS language. If someone has a new idea for a plan-
ning algorithm or heuristic, he or she most certainly won’t
implement it for PDDL2.1 level 3 in the first go. There is
also the issue of accessibility of the competition, particu-
larly to newcomers. We made a serious effort to make even

1We even thought of separating the domains into a set of “appli-
cation” benchmarks and a set of “structurally characteristic” bench-
marks. We gave up on the idea to not overly complicate the com-
petition and its evaluation.
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the STRIPS versions of the IPC-4 domains an interesting
range of benchmarks. Instead of dropping the more interest-
ing problem constraints, wecompiledas much of the domain
semantics as possible down into the STRIPS format. While
in most cases this lead to rather unusual (fully grounded) en-
codings, we believe that the IPC-4 STRIPS benchmarks are
structurally a lot more interesting than most of the previous
STRIPS benchmarks.

In the rest of this extended abstract, we include a short
description of each of the IPC-4 domains. We list the do-
mains in alphabetical order, and close the article with a few
concluding remarks.

Airport
The Airport domain was developed by Jörg Hoffmann and
Sebastian Tr̈ug. It is a PDDL adaption of an application
domain developed by Wolfgang Hatzack (Hatzack & Nebel
2001), dealing with the problem of controlling the ground
traffic on an airport (in such a way that the summed up travel
time of all airplanes is minimised).

The problem instances in Airport specify the topology of
the airport, as well as the inbound (planes that need to go to
a parking position) and outbound (planes that need to go to a
runway) traffic. The main problem constraint is that planes
must not endanger each other. Which means that no two
planes can share the same airport segment, and that a plane
with running engines “blocks” a set of segments behind it
(where the blocked set depends on the size category of the
plane). The available actions are to “pushback” (move a
plane away backwards from a parking position), to “startup”
the engines, to “move” between segments, to “park” (turning
off the engines), and to “takeoff” (which amounts to remov-
ing the plane from the airport).

The Airport domain versions arenon-temporal, tem-
poral, temporal-timewindows, and temporal-timewindows-
compiled. The first of these versions is, as the name sug-
gests, non-durational PDDL. In the second version, actions
take time (e.g. moving across a segment takes the length of
the segment divided by the speed of the plane). In the third
version, there are additional time windows during which cer-
tain segments must not be used – namely, segments that be-
long to a runway and time windows during which a plane
is known to land on that runway. The time windows are
modelled using timed initial literals. In the fourth domain
version, the timed initial literals are compiled into artificial
(temporal) PDDL constructs, in order to make the domain
version accessible to more planners.

In none of the domain versions were we able to model the
true optimisation criterion – minimising makespan means
minimising the travel time of the latest plane, rather than
the summed up travel time of all planes. The difficulty in
modelling the real optimisation criterion lies in accessing the
time spans during which a plane does nothing, i.e., stays on
an airport segment waiting until some other plane got out of
the way. If one uses an explicit “wait” action, then one needs
to introduce a discretisation of time (in order to say how long
the plane is supposed to wait). We considered introducing
a special “current-time” variable into PDDL2.2, returning
the time of its evaluation in the plan execution. But, in a

discussion with the IPC-4 organising committee, we decided
against this language feature as it seemed problematic from
an algorithmic point of view, and didn’t seem to be very
relevant anywhere except in Airport.

In all the domain versions, the problem constraints are
modelled using ADL, i.e., complex preconditions and condi-
tional effects. We compiled the ADL encodings to STRIPS
by grounding out most of the operator parameters (for each
individual problem instance, yielding an instance-specific
domain file). The resulting STRIPS encodings formed al-
ternativeformulationsof the domain versions, i.e. within
each domain version we let the competitors choose to either
attack the ADL formulation or the STRIPS formulation. The
data were then evaluated together, i.e. treated as if they were
all obtained on the same encoding. We applied this concept
of domainversionsand domainversion formulationsin all
the IPC-4 domains.2

The Airport example instances were generated by Sebas-
tian Trüg, using an airport simulation tool, calledAstras, by
Wolfgang Hatzack. Five scaling airport topologies were de-
signed, the simulator was run, and code was implemented
that, during a simulation, put out the traffic situations at se-
lected individual time spots as the PDDL problem instances.
50 traffic situations were generated, and put out in the for-
mat needed for each of the domain versions. The second
largest of the five airport topologies corresponds to one half
of Munich airport, MUC. The largest of the topologies cor-
responds directly to the full MUC airport.

Pipesworld
The Pipesworlddomain is a PDDL adaption of an appli-
cation domain developed by Frederico Liporace and others
(Milidiu, dos Santos Liporace, & de Lucena 2003), deal-
ing with complex problems that arise when transporting oil
derivative products through a pipeline system. Note that,
while there are many planning benchmarks dealing with
variants of transportation problems, transporting oil deriva-
tives through a pipeline system has a very different and char-
acteristic kind of structure. The pipelines must be filled with
liquid at all times, and if you push something into the pipe at
one end, something possibly completely different comes out
of it at the other end. Additional difficulties that have to be
dealt with are, e.g.,interface restrictions(different types of
products that must not interface each other in a pipe),tank-
age restrictionsin areas (i.e., limited storage capacity de-
fined for each product in the places that the pipe segments
connect), anddeadlineson the arrival time of products. In
the form used in IPC-4, the Pipesworld domain was devel-
oped by Frederico Liporace and Jörg Hoffmann. In all ver-
sions of the domain, the product amounts dealt with are dis-
crete in the sense that we assume a smallest product unit,
called “batch”. Of course, in reality the product amounts
dealt with are rational numbers. Using such a numeric en-

2We are aware that encoding details can have a significant im-
pact on system performance. On the other hand, we believe it is
important to keep the number of distinction lines in the competi-
tion data – which is already high – as low as possible. Most current
systems ground the operators out as a pre-process anyway.
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coding in IPC-4 seemed completely infeasible due to com-
plications in the modelling, and the expected capabilities of
the participating planners.

The problem instances in Pipesworld specify the topol-
ogy of the pipeline network, the initial positions for all the
batches and the goal positions for some of the batches, and
the additional constraints imposed – interface restrictions,
tankage restrictions, and/or deadlines. A possible action is
to “push” a batch from an area into a pipe segment, making
the last batch in the pipe come out at the other end. Pipe
segments are modelled in a directional fashion, and we also
need the inverse “pop” action where a new batch is inserted
at the far end of the pipe, and the first batch in the pipe comes
out. In the actual PDDL encodings used, these actions are
split in several ways, to ease the modelling of their seman-
tics. The main difficulty is that the actions must keep track
of the internal state of the pipe segment involved. We intro-
duced special case actions for pipe segments of length 1 (i.e.,
1 batch). For pipe segments containing more than 1 batch,
we split the push (pop) action into a push-start (pop-start)
and a push-end (pop-end) action. While there is in principle
no problem with doing the necessary updates within a sin-
gle action, such an action contains rather many parameters.
In particular, 3 parameters ranging over batches are needed
– the batch to be pushed (poped), the first batch inside the
pipe segment, and the last batch inside the pipe segment.
Thus such an action has at leastn3 ground instances in the
presence ofn batches. We found that this made the domain
completely infeasible for any planner that grounded out the
actions. In the splited encoding, each action takes at most
two batch parameters.

The Pipesworld domain versions arenotankage-
nontemporal, tankage-nontemporal, notankage-temporal,
tankage-temporal, notankage-temporal-deadlines, and
notankage-temporal-deadlines-compiled. All versions in-
clude interface restrictions. The versions with “tankage” in
their name include tankage restrictions. In the versions with
“temporal” in their name, actions take (different amounts
of) time. The motivation for the durative actions, from an
operational point of view, is that each pipeline segment
has a maximum flow rate, and thus the content of some
segments may be moved faster than others. The versions
with “deadlines” in their name include deadlines on the
arrival of the goal batches. One of these versions models
the deadlines using timed initial literals, in the other version
(naturally, with “compiled” in its name) these literals are
compiled into artificial (temporal) PDDL constructs. None
of the encodings uses any ADL constructs, so of each
version there is just one (STRIPS) formulation.

The Pipesworld example instances were generated by
Frederico Liporace, in a process going from random gen-
erators to XML files to PDDL files.3 Five scaling network
topologies were designed. For the domain versions with-
out tankage restrictions and deadlines, for each of the net-
work topologies 10 scaling random instances were gener-

3The same XML file is mapped into different PDDL files de-
pending on the kind of encoding used; there was a lot of trial and
error before we came up with the final IPC-4 encoding.

ated. (Within a network, the instances scaled in terms of the
total number of batches and the number of batches with a
goal location.) For the instances featuring tankage restric-
tions or deadlines, the generation process was more compli-
cated because we wanted to make sure to obtain only solv-
able instances. For the tankage restriction examples, we ran
Mips on the respective “notankange” instances, with incre-
mentally growing tankage. We chose each instance at a ran-
dom point between the first instance solved by Mips, and the
maximum needed tankage (enough tankage in each area to
accommodate all instance batches). Some instances could
not be solved by Mips even when given several days of run-
time, and for these we inserted the maximum tankage. For
the deadline examples, we ran Mips on the corresponding
instances without deadlines, then arranged the deadline for
each goal batch at a random point in the interval between the
arrival time of the batch in Mips’s plan, and the end time of
Mips’s plan. The instances not solved by Mips were left out.

Promela

Promelais the input language of the ACM awarded model
checker SPIN (Holzmann 1997). It is designed to ease spec-
ification of asynchronous communication protocols, which
are to be validated by SPIN for having no specification error.
Otherwise the tool returns an error trail as a counterexample.
A Promela model consists of a set of processes, and commu-
nication between them is performed via message queues or
shared access to global variables. Each process can nonde-
terministically choose one of its transitions that fulfills the
condition an optional guard imposes. The IPC-4 Promela
domain was created by Stefan Edelkamp.

To allow STRIPS encodings for IPC-4, we selected two
simple communication protocols: a solution for theDining
Philosopherproblem, and theOptical Telegraphprotocol.
Both domains restrict to pure message passing, so that no
shared access to global variables is used. The models are
distributed together with our experimental model checking
tool HSF-SPIN (Edelkamp, Leue, & Lluch-Lafuente 2004),
that extends SPIN with heuristic search strategies to improve
error detection. In both cases we used one scaling parame-
ter, namely the number of philosophers and the number of
control stations, respectively.

In order to generate problem instances fully automati-
cally, we apply a compiler that transforms Promela speci-
fications into PDDL2.2. The compilation process and an ex-
position for one of the protocols are described in (Edelkamp
2003). The compiler features some but not all static lan-
guage constructs of Promela. Although not covered by the
IPC-4 benchmark set, the work also showed that including
communication via global variables and assignments of (not
necessarily linear) arithmetic expressions to variables can be
expressed in PDDL2.2. Besides deadlocks, violations to as-
sertions and global invariances can also be converted into
PDDL2.2 planning goals. For more complex error descrip-
tions, e.g. liveness errors, temporally extended goals are
needed. One of the core differences between Promela and
PDDL2.2 expressiveness are dynamic processes. An ac-
cording PDDL model would require a language extension
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for dynamic object creation. Fortunately, the core of most
Promela specifications in our own collection is static.

Both protocols are known to contain deadlocks. In the
PDDL2.2 descriptions, we utilised the finite state automata
representation for the processes and communication queues
that is inferred by SPIN. All active Promela processes are
typed, enumerated and assigned to a unique object id. Each
process consists of local states and transitions, with the
queue read and write operations specifically tagged. In the
PDDL model, a local state transition is firstactivatedbefore
according changes to the state variables or updates to the
queue are executed. Finally the state change isperformed.
To ease parsing, state transitions use a reduced ASCII set.

Queues model communication channels, in which mes-
sages (and optional data) is written and read by the pro-
cesses. The main idea in modelling queues is to represent
arrays of sizek in a ring structure: bucket0 is the successor
of bucketk−1 with a head and a tail pointer that are moving.
A queue is either empty or full if both pointers refer to the
same queue state. As a special case the queues can consist of
only one queue state, so the successor bucket of bucket 0 is
the bucket itself. In this case the grounded propositional en-
coding includes operators with add and delete lists that share
the same atom, so that we rely on the semantics of STRIPS,
saying that deletion is done first.

If the message for reading does not match or the queue
capacity is either too small or too large, the according local
state transitions will block. If all active transitions in a pro-
cess block, the process itself will block. If all processes are
blocked, we have a deadlock in the system. Detection of a
deadlock is crucial and is implemented either as a collection
of PDDL2.1 actions or, more elegantly, as a set of PDDL2.2
derived predicates, automatically inferring that all processes
for a state transition are blocked.

With each protocol we provide four different domain ver-
sions: plain, a purely propositional specification with spe-
cific actions that have to be applied to fix the deadlock;flu-
entsan alternative to the above with numerical state vari-
ables that encodes the size of the queues and the messages
used to access their contents;derivedpredicates, which con-
tains derived predicates to infer deadlocks; andfluents-
derivedpredicates, which is equivalent toderivedpredicates
and uses fluents instead of propositions for encoding queue
sizes and messages. We use one formulation that uses the
ADL constructsquantification, disjunctiveandnegated pre-
conditions; and one where the same semantics are compiled
into pure (propositional) STRIPS. Unfortunately, the larger
problem instances of these STRIPS formulations were too
big to be stored on disk. We keptfluent-domains as sep-
aratedversionsinstead of differentformulations to com-
pare pure propositional and numerical exploration efficien-
cies and to emphasise that numerical state variables are es-
sential for more complex model checking domains.

PSR
The Power Supply Restoration (PSR)domain is a PDDL
adaptation of an application domain investigated by
Thiébaux and others (Thiébaux et al. 1996; Thíebaux
& Cordier 2001), which deals with reconfiguring a faulty

power distribution system to resupply customers affected by
the faults. A power distribution system is viewed as a net-
work of electric lines connected by switches and fed via a
number of power sources. When a power source feeds a
faulty line, the circuit-breaker fitted to this source opens to
protect the rest of the network from overloads. This leaves
all the lines fed by the source without power. The prob-
lem consists in planning a sequence of switching operations
(opening or closing switches and circuit-breakers) bringing
the network into a configuration where non-faulty lines are
resupplied.

In the original PSR problem (Thiébaux & Cordier 2001),
various numerical parameters such as breakdown costs and
power margins need to be optimised, subject to power ca-
pacity constraints. Furthermore, the location of the faults
and the current network configuration are only partially ob-
servable, which leads to a tradeoff between acting to re-
supply lines and acting to reduce uncertainty. In con-
trast, the version used for IPC-4 is set up as a pure goal-
achievement problem (the goal specifies which lines must
be (re)-supplied), numerical aspects are ignored, and to-
tal observability is assumed. The choice of leaving out
the numerical aspects was motivated by the difficulty of
encoding and solving even the basic problem. The IPC-
4 PSR domain was developed by Sylvie Thiébaux and
Jörg Hoffmann. We benefited from contributions by Pier-
giorgio Bertoli, Blai Bonet, Alessandro Cimatti, and John
Slaney, some of which are reported in (Bertoliet al. 2002;
Bonet & Thíebaux 2003).

PSR problem instances specify (1) the network topology,
i.e., the objects in the network (the lines, the switches, the
sources/circuit-breakers), and their connections, (2) the ini-
tial configuration, i.e., the initial positions (open/closed) of
the switches and circuit-breakers, and (3) the modes (faulty
or not) of the various lines. Among those, only the devices’
positions can change. A number of other predicates are de-
rived from these basic ones. They model the propagation
of the current into the network with a view to determining
which lines are currently fed and which sources areaffected
by a fault, i.e. feed a fault. The closed-world assumption
semantics of PDDL2.2 derived predicates is exactly what is
needed to elegantly encode such relations. These require a
recursive traversal of the network paths which is naturally
represented as the transitive closure of the connection rela-
tion of the network.

The goal in a problem instance asks that given lines be
fed and all sources be unaffected.4 The available actions
are closing and opening a switch or a circuit-breaker. In ad-
dition, there is an actionwait, which models the event of
circuit-breakers opening when they become affected. Wait
is applicable when an affected source exists, and is the only
applicable action in that case. The goal and this together
ensures that the wait action is applied as soon as a source
is affected. The effect of the wait action is to open all the
affected circuit-breakers. It would have been possible to en-
code the opening of affected breakers as a conditional effect

4Note that after the circuit-breaker of an affected source opens,
this source is not affected any more, as it does not feed any line.
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of the close action. However, this would have required more
complex derived predicates with an additional device as pa-
rameter and a conditional flavor, specifying, e.g., whether or
not a circuit-breakerwould beaffectedif we were to close
that device.

We use four domain versions of PSR in IPC-4. Primar-
ily, these versions differ by the size of the problem instances
encoded. The instance size determined in what languages
we were able to formulate the domain version. We tried
to generate instances of size appropriate to evaluate current
planners, i.e, we scaled the instances from “push-over for
everybody” to “impossibly hard for current automated plan-
ners”, were we got our intuitions by running a version of
FF enhanced to deal with derived predicates. The largest in-
stances are of the kind of size one typically encounters in
the real world. More on the instance generation process be-
low. The domain versions are named 1.large, 2. middle,
3. middle-compiled, and 4.small. Version 1 has the single
formulationadl-derivedpredicates. Version 2 has the formu-
lationsadl-derivedpredicates, simpleadl-derivedpredicates,
andstrips-derivedpredicates. Version 3 has the single for-
mulationadl, and version 4 has the single formulationstrips.
The formulation names simply give the language used. Ver-
sion 1 contains the largest instances, versions 2 and 3 con-
tain (the same) medium instances, and version 4 contains
the smallest instances. Theadl-derivedpredicatesformu-
lation is inspired from (Bonet & Thiébaux 2003), makes
use of derived predicates as explained above, and of ADL
constructs in the derived predicate, action, and goal def-
initions. In the simpleadl-derivedpredicatesand strips-
derivedpredicatesformulations, all ADL constructs (except
conditional effects in thesimpleadlcase) are compiled away
using automated software (basically, FF’s pre-processor).
The resulting encodings are fully grounded and significantly
larger than the original, while on the other hand the length of
plans remains completely unaffected. The pureadl formu-
lation is obtained from theadl-derivedpredicatesformula-
tion by compiling derived predicates away using the method
described in (Thíebaux, Hoffmann, & Nebel 2003). While
there is no increase in the domain size, this compilation
scheme can lead to an exponential increase in plan length
in the worst case. For the PSR instances we generated,
we observed only a polynomial blow up. Nevertheless we
felt that this increase in plan length was too much to make
for a useful direct comparison of data generated foradl-
derivedpredicatesas opposed toadl, and we separated the
adl formulation out into domain version 3 as listed above.

The strips domain formulation proved quite a challenge.
No matter how hard we tried, compiling both derived predi-
cates and ADL constucts away led to either completely un-
manageable domain descriptions or completely unmanage-
able plans. We therefore adopted a different fully-grounded
encoding inspired from (Bertoliet al. 2002), which is gen-
erated from a description of the problem instance by a tool
performing some of the reasoning devoted to the planner un-
der the other domain versions. As a result, the STRIPS en-
coding is much simpler and only refers to the positions of
the devices and not to the lines, faults, or connections. Also
we were still only able to formulate comparatively small in-

stances in STRIPS, without a prohibitive blow-up in the en-
coding size.

The PSR instances were randomly generated using John
Slaney’s randomnet program. Power distribution networks
often have a meshable structure exploited radially: the path
taken by the power of each source forms a tree whose
nodes are switches and whose arcs are electric lines; ter-
minal switches connect the various trees together. Random-
net takes as input the number of sources, a percentage of
faulty lines, and a range of parameters for controling tree
depth, branching, and tree adjacency, whose default values
are representative of real networks. Randomnet randomly
selects a network topology and a set of faulty lines. These
are turned into the various PDDL encodings above by a tool
called net2pddl,5 implemented by Piergiorgio Bertoli and
Sylvie Thíebaux. The instances we generated make use of
randomnet default settings, except for the maximal depth of
trees which takes a range of values up to twice the default,
leading to harder problems. The percentage of faulty lines
ranges from 0.1 to 0.7.

Satellite
The Satellite domain was introduced in IPC-3 by Derek
Long and Maria Fox (2003). It is motivated by a NASA
space application: a number of satellites has to take images
of a number of spatial phenomena, obeying constraints such
as data storage space and fuel usage. In IPC-3, there were
5 versions of the domain, corresponding to different levels
of the language PDDL2.1:Strips, Numeric, SimpleTime(ac-
tion durations are constants),Time(action durations are ex-
pressions in static variables), andComplex(durationsand
numerics, i.e. the “union” of Numeric and Time).

The adaption of the Satellite domain for IPC-4 was done
by J̈org Hoffmann. All IPC-3 domain versions and exam-
ple instances were re-used, except SimpleTime – like in the
other IPC-4 domains, we didn’t want to introduce an extra
version distinction just for the difference between constant
durations and static durations. On top of the IPC-3 versions,
4 new domain versions were added. The idea was to make
the domain more realistic by additionally introducing time
windows for the sending of the image data to earth, i.e. to
antennas that are visible for satellites only during certain pe-
riods of time – according to Derek Long, the lack of such
time windows was the main shortcoming of the IPC-3 do-
main.

We extended the IPC-3 Time domain version to two
IPC-4 domain versions,Time-timewindowsand Time-
timewindows-compiled. We extended the IPC-3 Complex
domain version to the two IPC-4 domain versionsComplex-
timewindowsand Complex-timewindows-compiled. In all
cases, we introduced a new action for the sending of data
to an antenna. An antenna can receive data of only a sin-
gle satellite at a time, an antenna is visible for only subsets
of the satellites for certain time periods, and the sending of

5Randomnet and net2pddl are available from the PSR
benchmark resource web pagehttp://csl.anu.edu.au/
˜thiebaux/benchmarks/pds , along with various other tools
and papers of interest.
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an image takes time proportional to the size of the image.
The time windows were modelled using timed initial literals,
and in the “-compiled” domain versions, these literals were
compiled into artificial PDDL constructs. None of the do-
main versions uses ADL constructs, so of all versions there
is only a single (STRIPS) formulation.

The instances were generated as follows. Our objectives
were to clearly demonstrate the effect of additional time
windows, and to produce solvable instances only. To accom-
plish the former, we re-used the IPC-3 instances, so that the
only difference between, e.g., Time and Time-timewindows,
lies in the additional time window constructs. To ensure
solvability, we implemented a tool that read the plans pro-
duced by one of the IPC-3 participants, and then arranged
the time windows so that the input plan was suitable to solve
the enriched instance. It is important to note here that the
time windows werenot arranged to exactly meet the times
extracted from the IPC-3 plan. Rather, we introduced one
time window per each 5 “take-image” actions, made the an-
tenna visible during that time window for only the respective
5 satellites, and let the image sizes be random values within
a certain range where the time window was 5 times as long
as the sending time resulting from the maximum possible
size.

Of course, the above generation process is arranged rather
arbitrarily, and the resulting instances might be a long way
away from the typical characteristics of the Satellite prob-
lem as it occurs in the real world. While this isn’t nice, it
is the best we could do without inside knowledge of the ap-
plication domain, and it has the advantage that the enriched
instances are solvable, and directly comparable to the IPC-3
ones.

In the new domain versions derived from Complex, we
also introduced utilities for the time window inside which
an image is sent to earth. For each image, the utility is either
the same for all windows, or it decreases monotonically with
the start time of the window, or it is random within a certain
interval. Each image was put randomly into one of these
classes, and the optimisation requirement is to minimise a
linear combination of makespan, fuel usage, and summed
up negated image utility.

Settlers

TheSettlersdomain was introduced in IPC-3 by Derek Long
and Maria Fox (2003). It makes extensive use of numeric
variables. These variables carry most of the domain seman-
tics, which is about building up an infrastructure in an unset-
tled area, involving the building of housing, railway tracks,
sawmills, etc. The domain was included into IPC-4 in order
to pose a challenge for the numeric planners – the other do-
mains mostly do not make much use of numeric variables,
other than computing the (static) durations of actions. We
used the exact same domain file and example instances as
in IPC-3, except that we removed some universally quanti-
fied preconditions to improve accessibility for planners. The
quantifiers ranged over domain constants only so they could
easily be replaced by conjunctions of atoms.

UMTS
The UMTSdomain has been developed by Roman Englert
(2003). It enables the execution of several (data) applica-
tions in mobile terminals. To start an application in a mobile
terminal the UMTS call set-up is required. This procedure
takes between a couple of seconds for an interactive game
like chess and 30 seconds for WAP access. Often users start
several applications and as a consequence the waiting pe-
riod until the call set-ups are executed takes several minutes.
Therefore, optimisation of the UMTS call set-up is needed,
where each application call is partitioned into modules (En-
glert 2005). The call set-up via software agents consists of
eight discrete modules:

• terminal resource management (trm): an application start
follows the resource availability check in the mobile ter-
minal and the resource allocation

• connection timing (ct): connection set-up duration is
monitored in the bearer and in case of failure feedback
to the terminal is given (within a certain time, e.g. 1 sec.)

• agent management (am) : requirements of mobile appli-
cations are transferred to bearer, e.g. Quality of service
(QoS), required data volume, . . .

• agent execution environment mobile (aeem): information
about mobile application are sent toam, e.g. required
servers, ...

• radio resource control (rrc): allocation of QoS by logical
resources

• radio access bearer: (rab) bearer allocation of QoS and
in case of failure initiation of resource negotiation with
mobile terminal

• agent execution environment internet (aeei): data transfer
for application set-up from mobile terminal to core net-
work and PDN, and vice versa

• bearer service (bs): bearer establishment and feedback to
mobile application,

To start the execution of a mobile application the mod-
ules are executed in sequential order. If several applications
are initiated, some modules can be executed in parallel. The
modules obey the following partial execution order:trm be-
fore ct, ct beforerrc and am, am beforeaeem, aeemand
rrc beforerab, rab beforeaeei, aeeibeforebs, with bs be-
ing final. A detailed documentation on UMTS can be found
in (Holma & Toskala 2000).

The PDDL2.2 translation of UMTS was established by
Stefan Edelkamp and Roman Englert. Actions were at-
tached to execution time, calling for Level 3 temporal plan-
ning. Instances are scaled to setup 1 up to 10 applications,
a range that is practically motivated. Compared to other
benchmarks, problem and domain description are compa-
rable small to rise a challenge especially for optimal tem-
poral planning approaches. However, real-time is required
for practical purposes. Action durations are given in mil-
liseconds and are selected due to practical constraints. The
entire benchmark set was completed by running a problem
generator that performs a realistic perturbation on the action
execution times.
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In the form used in IPC-4, the UMTS domain has six
versions. The first three are:temporal, a domain ver-
sion with no timing constraints,temporal-timewindows,
a domain version with PDDL2.2 timed initial facts, and
temporal-timewindows-compiled, a domain version with
a PDDL2.1 wrapper encoding for the timed initial liter-
als. The second domain version setflaw-temporal, flaw-
temporal-timewindows, and flaw-temporal-timewindows-
compiled, includes an additional but practical motivatedflaw
action that can affect plan finding, since it offers a shortcut
to a relaxed plan not needed for a valid one, and, in order to
determine that this action is not required, negative interac-
tions have to be computed.

All domain versions have one formulation, namelystrips-
fluents-temporal, where numerical fluents, but - except typ-
ing - no ADL constructs are used. In all instances, the
plan objective is to minimisemakespan. The temporaland
temporal-timewindowproblem specifications were tested
with the MIPS planner (Edelkamp 2004).

Besides action duration, the domain encodes scheduling
types of resources, consuming some amount at action ini-
tialisation time and releasing the same amount at action end-
ing time. Renewable global resources have not been used
in planning benchmarks before, and the good news are that
PDDL2.2 is capable of expressing them. In fact we used
a similar encoding to the one that we found forJob- and
Flow-Shopproblems. As one feature, actions are defined
to temporarily produce rather than to temporarily consume
resources. As PDDL2.2 has no way of stating such re-
source constraints explicitly, planners that want to exploit
that knowledge have to look for a certain patterns ofin-
crease/decreaseeffects to recognise them.

In UMTS, two actions can both check and update the
value of some resources (e.g.has-mobile-cpu) at their start-
ing (resp. ending) time points as far as the start (resp. end-
ing) events are separated byε time steps, whereε is min-
imum slack time required between two dependent events.
We first thought about modelling renewable resources with
anover allconstruct. But in this case, the invariant condition
of the action has to check, what theat startevent did change.
We decided that this is not the best choice for a proper du-
rative action. Consequently, the durative actions require that
there is enough of the resource availablebeforeadding the
amount used.

The domain assumes that the mobile applications run on
one mobile terminal. However, they can also be distributed
on to several mobile terminals. Additionally, the resource
modeling of the UMTS network is constrained to the most
important parameters (in total 15). In real networks several
hundred parameters are applied.

Concluding Remarks
In a field of research about general reasoning mechanisms,
such as AI planning, it is essential to have appropriate
benchmarks – benchmarks that reflect possible applications
of the developed technology, and that help drive research
into new and fruitful directions. In the development of the
benchmark domains and instances for IPC-4, the authors
have invested significant effort into creating such a set of

appropriate benchmarks for AI planning. The domains are
mostly still far away from “real-world” problems, and we
are aware that, e.g., fully grounded STRIPS encodings aren’t
nice and pose a serious problem for systems that don’t use
the standard pre-processes. Nevertheless we believe that the
IPC-4 domains constitute a significant step into the right di-
rection, and that they form an interesting range of bench-
marks. We hope they will become standard benchmarks in
the coming years.
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Abstract

This document describes Macro-FF, an adaptive planning
system developed on top of FF version 2.3. The original FF
is a fully automatic planner that uses a heuristic search ap-
proach. In addition, Macro-FF can automatically learn and
use macro-actions with the goal of reducing the number of
expanded nodes in the search. Macro-FF also includes im-
plementation enhancements for reducing space and CPU time
requirements that could become performance bottlenecks in
some problems.

Introduction
Macro-FF is an extension of the automatic planner FF ver-
sion 2.3 (Hoffmann & Nebel 2001). We developed a first
version of Macro-FF as a tool for exploring how macro-
actions can reduce the complexity of automated planning
(Botea, Müller, & Schaeffer 2004). Further extensions
have been implemented to prepare Macro-FF for participat-
ing in the fourth international planning competition (IPC4).
Macro-FF is designed for classical planning and can use
both STRIPS and ADL domain formulations. The plans that
Macro-FF produces are not guaranteed to be optimal. The
system has no capabilities for temporal and metric planning,
and implements no support for derived predicates and timed
initial literals.

This extended abstract summarizes the architecture of
Macro-FF. The structure of our presentation is the follow-
ing: First, we provide a brief description of FF, focusing on
the parts that are relevant for our work. Next, we describe
the main contributions that we have added to the original
FF. The extensions that we present mainly go into two di-
rections:
• Speeding up search with macro-operators. A macro-

operator is an ordered sequence of operators together with
a variable mapping showing how the variable sets of op-
erators overlap. The intuition for using macro-actions is
that several actions can often work in a sequence to ac-
complish a local task (e.g., first take the key out of the
pocket, next unlock the door). Identifying and exploit-
ing such sequences have a significant potential to reduce
the overall planning effort. Macro-FF can automatically

Copyright c© 2004, American Association for Artificial Intelli-
gence (www.aaai.org). All rights reserved.

learn and use macro-actions with the goal of reducing the
number of expanded nodes in the search.

• Implementation enhancements for reducing memory and
CPU time requirements. The number of expanded nodes
and the solution quality are not affected by changes in
this category. However, when the memory or CPU time
necessary to solve a problem are larger than the available
resources, this kind of improvements can make the differ-
ence between failure and success in solving a problem.

Overview of FF
FF is a state-of-the-art fully automatic planner that uses a
heuristic search approach. The basic version of FF, which
we started from, is designed for classical planning. Spe-
cialized versions of FF have capabilities for planning with
numerical state variables (Metric-FF) and planning with in-
complete information (Conformant-FF).

FF uses a preprocessing phase that includes the gener-
ation of all facts (i.e., instantiated predicates) and actions
(i.e., instantiated operators) that could possibly be used in
the current problem instance. These elements, which are ex-
tensively used during the search, become available at little
runtime cost.

FF automatically computes a heuristic state evaluator that
guides the search process. Given a state, the distance to a
goal state is approximated by the length of a relaxed plan
that achieves the goal conditions starting from the current
state. This plan is computed in a relaxed GRAPHPLAN
framework, where the delete effects of actions are ignored.

The planner implements two search algorithms. Enforced
hill climbing (EHC) is a fast but incomplete algorithm that
greedily searches for a goal state in the problem space. EHC
starts from the initial state and performs a local search using
a breadth-first strategy. When a state with a better evaluation
than the starting state is found, the current local search stops
and a new local search is launched starting from the newly
found state.

In EHC, the GRAPHPLAN computation for a state is
used not only to find a heuristic evaluation, but also to fur-
ther prune the search space through a mechanism called
helpful action pruning. When a state is expanded, only
moves that occur in the relaxed plan and belong to level
0 of the GRAPHPLAN (i.e., can be applied to the current
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state) are considered. With no helpful action pruning, EHC
is complete in undirected search spaces.

EHC stops when either a goal state is found, or the open
list associated with the current local search is empty. When
the second alternative occurs (i.e., EHC fails because of its
incompleteness), a complete best-first search (BFS) algo-
rithm is launched to find a path to a goal state.

Learning and Using Macro-Operators
When treated as single moves, macro-actions have the po-
tential of influencing the planning process in two important
ways. First, macros can change the search space, adding to
a node successor list states that would normally be achieved
in several steps. Intermediate states in the macro sequence
do not have to be evaluated, reducing the search costs con-
siderably. In effect, the maximal depth of a search could
be reduced for the price of slightly increasing the branching
factor. Second, macros can improve the heuristic evalua-
tion of states. As shown before, FF computes this heuristic
by solving a relaxed planning problem (i.e., the delete ef-
fects of actions are ignored) in a GRAPHPLAN framework.
Consider two normal actions that occur in a sequence in a
relaxed plan. It is not guaranteed that this chaining trans-
lates to a valid action sequence in the real world (e.g., when
the first action has a delete effect that is a precondition for
the second action). Consider now the case when two ac-
tions compose a macro, so that the relaxed plan contains that
macro rather than two separate actions. A relaxed macro can
always be translated to its correspondent in the real world,
as any other action does.

Learning Phase
Macro-FF learns a set of macros through a training phase
that uses several sample problems of a domain. Each train-
ing problem is first solved with no macros in use. The found
plan P is represented as a directed solution graph, where
each node represents a plan action, and edges show the rela-
tive order and distance between two actions in the solution.
If action a1 occurs before action a2 in P , then a weighted
edge e = (a1, a2) is added to the graph. The weight is the
distance between a1 and a2 in the solution.

We define a macro-action as a linear sequence in the so-
lution graph, with the corresponding parameter mapping.
To reduce the training effort, our implementation consid-
ers only sequences of two consecutive actions as possi-
ble macros (i.e., only pairs of nodes linked by edges with
weight 1).

The macro-actions are mapped to macro-operators by re-
placing the instantiated parameters with generic variables.
Macro-operators have weights (initially set to 1.0) and are
stored in a global list ordered by their weights.

For each macro-operator m, the current training problem
is re-solved using m. To measure the usefulness of m, we
compare the effort to solve the problem with macro m in use
to the initial solving effort. We evaluate the effort to solve a
problem as the total number of expanded nodes. The weight
update formula for m uses the difference between N (the
effort for solving the problem with no macros in use) and

Nm (the effort when macro m is used). A sigmoid function
maps the difference into the range (−1, 1). The update value
further contains the initial solution length as a multiplicative
factor, which measures how hard the current problem is. The
harder the problem, the larger this weight update should be.
After the training phase completes, the best macros can be
used in the solving phase.

Solving Phase
Current Implementation. For IPC4, we store the macros
using a compact representation. This includes the ids of the
operators that compose the macro and the variable mapping,
but ignores the precondition and effect formulas. In the solv-
ing mode, the compact patterns of the best macros are used
for online checking if two instantiated actions compose a
macro. The current implementation uses macros to change
the search space (as shown next), but does not affect the
computation of the heuristic state evaluation. Improving the
heuristic state evaluation with macros is an important topic
for future work.

To explore the search space more efficiently, we exploit
the relaxed plan that the system computes for the current
state to be expanded. Our idea is to try to execute parts of
the relaxed plan in the real world, hoping to move toward a
goal state faster. We examine the relaxed plan to find action
sequences that match a macro pattern. Each time when such
a sequence is identified, we check if this could be executed
in the real world, starting from the current state. This veri-
fication is fast, as we do not compute the evaluation of the
states along the execution path. If executing a macro-action
succeeds, we consider the resulting state as a successor of
the current state and add it to the open queue.

In enforced hill climbing, we order these macro succes-
sors before the regular successors of a state. In effect, macro
successors are expanded earlier than regular successors. In
addition, our code includes an ordering scheme for normal
successors, which we had developed before using macro
successors. In the current implementation, this still might
be useful in cases when a macro is not part of the relaxed
plan, but could occur in the real world. We order the normal
successors giving priority to moves that continue as a macro
sequence the last action on the current branch (i.e., the ac-
tion that led to the currently expanded state S). We split
the normal successors of state S into two subsets Succ1(S)
and Succ2(S). Assume aS is the action that we applied to
obtain S, and aS′ is the action that we apply from S to ob-
tain a successor S′. If pair (aS , aS′) matches the pattern
of a learned macro operator, then S ′ ∈ Succ1(S). Other-
wise, S′ ∈ Succ2(S). Elements from Succ1(S) are ordered
before elements from Succ2(S). Inside such a set, an ad-
ditional move ordering scheme, preserved from the original
FF, is applied.

In best-first search, macros act as a method for search
depth control. In the original implementation, when a node
is expanded, all its normal successors are added to the open
list, except for states that have been visited before (a trans-
position table is used to identify duplicates). In addition to
this, our new implementation explores branches that com-
pose a macro more deeply. States are further expanded on
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the branches that match a macro pattern, and the resulting
states are added to the open list earlier than in the origi-
nal FF.

Alternative Approach. Another possible way of using
macro-operators is to add them as normal single-step opera-
tors to the initial domain formulation, as described in (Botea,
Müller, & Schaeffer 2004). In this way, macro-actions are
naturally used in both exploring the search space (i.e., as
possible moves when nodes are expanded) and computing
the heuristic state evaluation in the relaxed GRAPHPLAN
framework, with no need to change the original code of FF.
In effect, the number of expanded nodes can be reduced for
the price of increased preprocessing time and cost per node
at run-time.

This approach was hard to use in IPC4, as the macro-
operators added to the domain formulation have to have
complete PDDL definitions, including precondition and ef-
fect formulas. Expressing these formulas starting from the
contained operators is easy in STRIPS, but hard in more
complex PDDL subsets such as ADL, where the precondi-
tions and the effects of the contained operators can interact
in a very complex way. However, for IPC4, we used the
ADL formulation for several domains that were available
both in ADL and STRIPS. The reason is that the STRIPS
formulation of these domains have a separate operator file
for each problem. This makes our learning algorithm hard
to apply, as several training problems are necessary for a
given domain definition.

Implementation Enhancements
The enhancements described in this section have the goal
of reducing the space and CPU requirements of the plan-
ner, and do not affect the number of expanded nodes and the
quality of found plans. We describe two enhancements, one
for speeding-up the best-first search and one for reducing the
space needs for the preprocessing.

The best-first search (BFS) algorithm uses an open list of
nodes that have been generated but not expanded yet. The
elements in this list are stored in increasing order according
to their heuristic evaluation, so that the next node chosen for
expansion is the most promising in the list. FF version 2.3
implements the open queue as a linear linked list. A node
insertion requires a linear traversal of the list, so that the or-
dering of the list is preserved. Experiments with some of the
competition problems have shown that this linear traversal
can be a serious bottleneck for best-first search. We changed
the original linked list of nodes to a linked list of buckets,
where each bucket is a linked list of nodes having the same
heuristic value. The insertion of a node requires finding the
appropriate bucket for that node, which takes time linear in
the number of different heuristic values in the open queue
plus a constant time for inserting the node at the end of the
bucket (this preserves the existing tie-breaking rule).

FF version 2.3 is optimized for speed by using preprocess-
ing to a large extent. Some of the data structures used for
holding the preprocessing information grow exponentially
with the problem complexity, so that this method does not
scale to more complex problems. We took an initial step to

address this problem by replacing a large lookup table by a
different data structure. The lookup table was used for hold-
ing instantiated facts that occur in the initial state. The new
implementation uses a balanced binary tree for logarithmic
lookup time.
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Abstract

The Optiplan planning system combines the ideas pre-
sented by Vossenet al. (1999) and Kautz and Sel-
man (1998). It unifies integer programming with graph-
based planning and computes optimal parallel length
plans for STRIPS based planning problems. In addition,
given a feasible parallel length, Optiplan can be used to
minimize the number of actions, minimize action cost,
or optimize any other objective that can be expressed as
a linear function.

OptiPlan
Optiplan is a domain independent planner that, like ILP-
PLAN (Kautz & Walser 1999) and the “state change model”
(Vossenet al. 1999), uses integer programming (IP) to solve
STRIPS planning problems. The architecture of Optiplan is
very similar to that of Blackbox (Kautz & Selman 1999) and
GP-CSP (Do & Kambhampati 2001), but instead of unify-
ing satisfiability or CSP with graph based planning, Optiplan
uses integer programming. Like Blackbox and GP-CSP, Op-
tiplan works in two phases. In the first phase the planning
graph is build and transformed into an IP, then in the second
phase the IP is solved using the commercial solver CPLEX
(ILO 2002). The IP formulation is based on the state change
formulation (Vossenet al. 1999), however, a few changes
have been added that “strengthen” the original formulation
and make it more general at the same time.

A practical difference between the state change model and
Optiplan is that the former takes as input all ground ac-
tions and fluents over all time steps, while the latter takes
as input just those actions and fluents that are instantiated
by Graphplan (Blum & Furst 1995). The use of a plan-
ning graph has a significant effect on the size of the final
encoding, independent of which combinatorial transforma-
tion method (IP, SAT, or CSP) is used. For example, Kautz
and Selman (1999) pointed out that Blackbox’s success over
Satplan was mainly explained by Graphplan’s ability to pro-
duce better, more refined, propositional structures than Sat-
plan. Another, although minor, practical difference between
Optiplan and the state change model is that Optiplan reads
in pddl files, allowing it to be directly compared to other
STRIPS based planners.

In order to present the improved state change formulation
that is used in Optiplan we introduce the following sets and
variables: (The reader familiar with the work by Vossenet

al. (1999) may want to skim through the formulation of the
model and note that the variablesxpredel

f,i , for all f ∈ F, i ∈
1, ..., t have been deleted and the variablesxdel

f,i , for all f ∈
F, i ∈ 1, ..., t have been added to the original formulation.):

• F , set offluents, the set of all instantiated propositions;

• A, set ofactions, the set of all instantiated operators;

• I ⊆ F , set of fluents that are true in the initial state;

• G ⊆ F , set of fluents that must be true in the goal state;

• pref ⊆ A, ∀f ∈ F , set of actions that have fluentf as
precondition;

• addf ⊆ A,∀f ∈ F , set of actions that have fluentf as
add effect;

• delf ⊆ A, ∀f ∈ F , set of actions that have fluentf as
delete effect;

The state change formulation defines variables for each
stepi in the planning graph. There are variables for the ac-
tions and there are variables for the possible state changes
a fluent can make. For alla ∈ A, i ∈ 1, ..., t we have the
action variables

ya,i =
{

1 if actiona is executed in periodi,
0 otherwise.

The “no-op” actions are not included in theya, i variables
but are represented separately by the state change variable
xmaintain

f,i . For all f ∈ F, i ∈ 1, ..., t we have the state
change variables

xmaintain
f,i =

{
1 if fluent f is propagated in periodi,
0 otherwise.

xpreadd
f,i =

{ 1 if actiona is executed in periodi
such thata ∈ pref ∩ a /∈ delf ,

0 otherwise.

xadd
f,i =

{ 1 if actiona is executed in periodi
such thata /∈ pref ∩ a ∈ addf ,

0 otherwise.

xdel
f,i =

{ 1 if actiona is executed in periodi
such thata /∈ pref ∩ a ∈ delf ,

0 otherwise.
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In summary:xmaintain
f,i = 1 if the truth value of a flu-

ent is propagated;xpreadd
f,i = 1 if an action is executed that

requires a fluent and does not delete it;xadd
f,i = 1 if an ac-

tion is executed that does not require a fluent and adds it;
andxdel

f,i = 1 if an action is executed that does not require a
fluent and deletes it.

There are a few differences with the original state change
formulation and the formulation in Optiplan. Optiplan in-
troduces thexdel

f,i variables in order to deal with actions
that delete fluents without requiring them as preconditions.
Many planning domains in the International Planning Com-
petition 2004 have such actions, making the original state
change formulation ineffective. In addition, the new formu-
lation has substituted out allxpredel

f,i variables by the expres-
sion

∑
a∈pref∪delf

ya,i. The updated formulation is given
by:

min
∑

a∈A

∑

i∈T

ya,i (1)

s. t. xadd
f,0 = 1, ∀f ∈ I (2)

xadd
f,0 = 0, ∀f /∈ I (3)

xadd
f,t + xmaintain

f,t + xpreadd
f,t ≥ 1 (4)

∑

a∈addf /pref

ya,i ≥ xadd
f,i (5)

ya,i ≤ xadd
f,i (6)

∑

a∈pref /delf

ya,i ≥ xpreadd
f,i (7)

ya,i ≤ xpreadd
f,i (8)

∑

a∈delf /pref

ya,i ≥ xdel
f,i (9)

ya,i ≤ xdel
f,i (10)

xadd
f,i + xmaintain

f,i + xdel
f,i +

∑

a∈pref∪delf

ya,i ≤ 1

(11)

xpreadd
f,i + xmaintain

f,i + xdel
f,i +

∑

a∈pref∪delf

ya,i ≤ 1

(12)

xpreadd
f,i + xmaintain

f,i +
∑

a∈pref∪delf

ya,i ≤

xpreadd
f,i−1 + xadd

f,i−1 + xmaintain
f,i−1 (13)

xpreadd
f,i , xadd

f,i , xdel
f,i , x

maintain
f,i ∈ {0, 1} (14)

ya,i ∈ {0, 1} (15)

Where constraints (2), and (3) represent the initial state
constraints, and (4) represent the goal state constraints. For
all f ∈ F , i ∈ 1, ..., t, constraints (5) to (10) represent the
logical interpretations between the action and state change

variables, and for allf ∈ F , i ∈ 1, ..., t constraints (11) and
(12) make sure that fluents can only be propagated at periodi
if and only if there is no action in periodi that adds or deletes
the fluent. For allf ∈ F , i ∈ 1, ..., t, constraints (13) de-
scribe the backward chaining requirements. Constraints (14)
and (15) are the binary constraints for the state change and
action variables respectively. Since the constraints guarantee
plan feasibility, no objective function is required, however,
Optiplan uses an objective that minimizes the number of ac-
tions taken to guide the search.

Optiplan shows an increased performance over the origi-
nal state change encoding, but it remains significantly slower
than, for example, Blackbox(Chaff). Table 1 shows a com-
parison between the original state change formulation and
Optiplan on a set of problems that we could test both en-
codings on. All tests were run on a Pentium 2.67 GHz with
1.00 GB of RAM and the IP encodings were solved using
CPLEX 8.1. For all problems Optiplan creates smaller en-
codings than the original state change formulation, and in all
but two instances (the two rocket problems) Optiplan’s for-
mulation is solved at least as fast as the original state change
formulation.

Often times only a few nodes are explored in the branch-
and-bound tree, this indicates that the LP relaxation provides
a good approximation to the convex hull of integer solutions.
Still, however, our IP approaches are easily outperformed
by planners like Blackbox(Chaff). Possible reasons for this
performance gap is that the CPLEX’s integer programming
solver is not specialized in solving pure 0-1 programming
problems and because many “expensive” matrix operations
are required when solving the LP relaxation. When these
shortcomings are resolved, for example, through the use of
special purpose algorithms like branch-and-cut, decompo-
sition, or column generation, Optiplan and IP approaches
in general could become competitive with other successful
planners.
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State change model Optiplan
Problem #Var. #Cons. #Nodes Time #Var. #Cons. #Nodes Time
bw-sussman 196 347 0 0.01 105 142 0 0.01
bw-12step 1721 3163 15 4.53 868 1040 4 1.58
bw-large-a 2729 5106 0 5.04 1800 2104 0 3.91
bw-large-b 6502 12224 25 932.26 4780 5466 9 236.45
att-log0 33 41 0 0.01 6 8 0 0.01
att-log1 151 188 0 0.01 49 71 0 0.01
att-log2 330 420 14 0.05 130 193 0 0.01
att-log3 2334 3785 0 0.26 250 455 0 0.06
att-log4 2330 3775 42 0.59 449 850 0 0.12
att-loga 3146 5091 3583 366.44 1671 3258 80 29.84
rocket-a 1615 2694 169 8.80 1127 2365 49 12.38
rocket-b 1696 2829 122 8.27 1187 2516 27 11.58
log-easy 1521 2254 32 0.86 555 1088 0 0.14
log-a 3933 6306 174 48.36 1671 3258 80 29.74
log-b 4684 7202 1797 391.75 1962 3830 41 40.67
log-c 5886 9324 1378 946.23 2691 5370 114 183.96

Table 1: Comparing the original state change formulation with Optiplan. #Var. and #Cons. give the number of variables and
constraints after CPLEX’s presolve. #Nodes give the number of nodes that were explored during branch-and-bound before
finding the first feasible solution.
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Abstract

In this paper we introduce a new planning system FAP based
on the heuristic search. For the heuristic calculation, FAP
combines the techniques used in abstraction and heuristic
planning. FAP calculates his heuristic by projecting the plan-
ning problem in a relaxed problem where the delete lists of
the actions are ignored and the actions are grouped in se-
quences according to their order of application. FAP uses the
calculated heuristic to guide its search on a N-Best-Search
Hill-Climbing algorithm which is a combination of the N-
Best-Search and Hill-Climbing algorithms.

Introduction
The heuristic search has enhanced the performance of plan-
ning algorithms. Planners like HSP (0) HSPr (0) and FF
(0) has shown the ability of solving large planning problems
according to the classical previous planners. The heuristic
used buy the most of the current planners is based on the
idea of McDermott (0) as well as Bonet et al. (0), which
propose the relaxation of the problem in a simpler problem
by ignoring the delete lists of the actions. Also the heuris-
tic idea was early used in the hierarchical planning in a king
of relaxing the problem buy projecting it in an abstract prob-
lem where the solution can be found faster (see planners like
NOAH (0), NONLIN (0)). The abstraction used in hierarchi-
cal planning was often based on the actions or states group-
ing. In this paper we introduce a new planning system FAP
based on the heuristic search. For the heuristic calculation,
FAP combines the techniques used in abstraction and heuris-
tic planning. FAP calculates the heuristic by projecting the
planning problem in a relaxed problem where the delete lists
of the actions are ignored and the actions are grouped in se-
quences according to their order of application. FAP uses
the calculated heuristic to guide its search on a N-Best Hill-
Climbing heuristic Search algorithm which is a combina-
tion of the N-Best heuristic Search and Hill-Climbing algo-
rithms. In the rest of this paper we present an overview of
our work. We explain the sequences meta-actions calcula-
tion. We present the generation of the sequences to finish
with the main search algorithm.

Copyright c© 2004, American Association for Artificial Intelli-
gence (www.aaai.org). All rights reserved.

Overview

FAP is a forward planner in a state space which combines
heuristic search planning techniques with a ”state grouping”
approach. As HSP (0), FF (0), etc. state’s heuristic1 is com-
puted from a solution of a relaxed problem. The relaxed
problem2 ignores action’s delete list and is solved through
a planning graph similar to the GraphPlan’s planning graph
(0). The state grouping approach constitutes the main orig-
inality of this work. It aims at reducing state search space
by grouping states, and is done through the generation of
meta-actions ”sequences” rather than building states shapes
as in ShaPer (0) or states abstractions as in some hierarchical
planning systems like ALPINE (0).

During the search, FAP generates new actions (or meta-
actions) corresponding to the actions ”sequence” called an-
ticipations. These actions ”sequence” are used like the other
ones in the planning graph, in the states search space and can
belong to other actions ”sequence”. In this way, all states are
not considered in the search space.

All candidate actions to the sequence generation are
pulled out from the planning graph. The actions selection
during the extraction of the relaxed solution is essential be-
cause they do not only participate to the heuristic calculation
but also to the state grouping. Currently, FAP extracts the
relaxed solution in regression (from the last level) and uses
some local criteria to select actions in the planning graph.

The main search algorithm used in FAP is an extension
of the N-Best heuristic Search algorithm NBS (proposed in
(0)) called N-Best heuristic Hill-Climbing Search algorithm
NBHCS. This algorithm is complete and can be viewed as a
kind of Hill-Climbing algorithm with a backtracking. There-
fore FAP considers all applicable actions (not only the antic-
ipations) to be complete.

For each state, FAP applies the following steps:

1. Relaxed planning graph building (similar to FF),

1The heuristic corresponds to an estimation of the distance in
number of actions between the initial state and the goal.

2In STRIPS, a planning problemP = (O, I, G) is define by
a set of operatorsO which change the world state, an initial state
I and a goalG to satisfy. The operators of the considered relaxed
problemP ′ = (O′, I, G) correspond to the operators of the prob-
lemP without the delete list.
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2. Relaxed solution extraction which defines the candidate
actions and the heuristic,

3. Sequence actions generation (in progression and then in
regression).

In the first part of this paper, the meta-action ”sequence”
is briefly presented . Then, we expose the selection of rele-
vant actions corresponding to the relaxed solution, the se-
quence actions generation and the state search algorithm
NBHCS

Meta-action ”Sequence”
A ground actionα in STRIPS is described by the follow-
ing lists: param(α) is the list of action’s parameters, pre(α)
is the list of preconditions which must hold for action’s ap-
plication, add(α) and del(α) lists are respectively the list of
addition and the list of deletion of the action.

Definition 1 The meta-action ”sequence”B(α1,α2) is de-
fined by:

• param(B(α1,α2))=(α1,α2)
• pre(B(α1, α2))= pre(α1) ∪ (pre(α2)� add(α1))
• add(B(α1,α2))= [add(α2)∪ (add(α1)� del(α2))] � pre(

B( α1, α2))
• del(B(α1,α2))= [del(α2) ∪ (del(α1) � add(α2))] ∩ pre(

B( α1, α2))

Moreover, Fap used the following properties on the meta-
action ”sequence”:

Definition 2 Two ground actionsα1 and α2 are S-
independentiff pre(B(α1, α2))= pre(B(α2, α1)), add(B(α1,
α2))= add(B(α2, α1)) and del(B(α1, α2))= del(B(α2, α1)).

Definition 3 A sequenceB is correct iff it exists a states
reachable from the initial state such asB is applicable ins.

Relevant actions extraction and sequences
generation

For each state FAP builds a relaxed planning to calculate
the heuristic of that state. Actions are extracted from this
planning graph in regression. The extraction process starts
from the goals in the last level and go back to the first level0.
For each goal in the current level, only one action is selected
from the previous level for sequence building according to
some local criteria. The preconditions of the chosen actions
are then added to the goal set and then the process goes back
to the previous level until the first level is reached.

The local criteria use the following relation of authoriza-
tion:

Definition 4 An action α1 authorizesα2 iff del(α1) ∩
pre(α2) = ∅

Definition 5 A sequenceB(α1, α2) where level(α1)=i and
level(α2)=i + 1 is consideredusefulat a leveli iff it exists
an atomp such as level(p)=i andp ∈ add(α1) ∩ pre(α2).

The local criteria describe some selection rules between
actions belonging to two successive action’s levels. For each
goalsg at a leveli, an actionα is chosen at the leveli − 1
if 1) g ∈ add(α) and 2) for all actionsβ in the leveli such
asg ∈ pre(β), α authorize β andα minimize thedifficulty
of B(α, β) whith difficulty(a) =

∑
p∈pre(a)

level(p). From

this selection, only actions which maximize the number of
goals of the leveli are chosen so as all level goals belong to
an add list of these actions.

The meta-actions ”sequences” are generated from a par-
tial planning graph containing only the extracted actions. A
first generation is done in forward from the actions in the
level 0 in the following way: if all actionsαi in level 0
are many to manyS-independentthen generate the sequence
B
i
αi. Then for all generated sequencesB

k
in a level i and

all actionsβ in the leveli + 1, only theusefulsequences
B(B

k
, β) are computed. The process stops when the last level

is reached or if any sequences can be generated at the current
level c.

In the second generation, only theusefulsequences are
computed by pairs of successive levels in backward from
the last level to the levelc.

NBHCS algorithm
The search algorithm used in FAP is an instantiation of the
N-Best heuristic Search Algorithm (NBS). The NBS algo-
rithm is at a time a functional extension and a simpler im-
plementation of the First Best Search algorithm. In many
planning problems, a state has a big number of successors,
which decreases the planning performance if all of them are
visited. The idea of the NBS algorithm is to generate a lim-
ited number N of successors at a time instead of generating
all of them, then to expand the graph for the next N succes-
sors if no solution found and so on. Moreover, because the
graph can be expanded every time the solution is missed up
to containing all the successors, this algorithm is complete.

In the figure 1, the NBS algorithm is presented. The
search process could be defined as a quadruplet (Sc,G,Γc,Si)
where Sc is the current best state, G is the goal,Γc is the set
of operators applicable to Sc and Si is the initial state. Any
state Sn is completely expanded when its successors states
are memorized and this state is kept in a list of all completely
expanded states named Closed. A state Sk is partially ex-
panded whenever it does not have any memorized successor
or a part of its successor states are kept, all of these states
are included in a list of states called Open.

Our N-Best heuristic Hill-Climbing Search algorithm
is an NBS algorithm with a specification of the gener-
atebestsuccessors function (see figure 2). As in Hill-
Climbing search algorithm, the process of generating suc-
cessors stops when a best successor is found. Let remark
that in FAP the order in which the actions are memorized in
the setΓc is very important because it defines the expansion
strategy. The memorized order is: the generated sequences,
the helpful actions (like the ones used in FF) and then the
others, of course all these actions are applicable in the cur-
rent state. Therefore, in a first stage the sequences are ap-
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plied, in a second the helpful and then the other actions. By
this way, FAP is complete.

Algorithm 1 The N-Best heuristic Search Algorithm

Open← {(Si,Γ0)};
Closed← ∅;
while Open6= ∅ do

(Sc,Γc)=get statewith min f(Open);
generatebestsuccessors(N,Sc,Γc);
if bestsuccessors(Sc) ∩ G 6= ∅ then

return Sc;
end if
Open← Open∪ bestsuccessors(Sc);
if Γc = ∅ then

Open← Open� {(Sc,Γc)};
Closed← Closed∪ Sc;

else
updateΓ(Sc,Γc);

end if
end while
return Failure;

Algorithm 2 generatebestsuccessors strategy
Successors← ∅;
repeat

γ ← element(Γc);
S← apply(Sc,γ);
Successors← Successors∪ {S};

until f(S) < f(Sc)
return Successors;

Conclusion
This paper shows a new heuristic search planner based on
the problem relaxation by action grouping. In the palnnign-
graph, the generation of sequences ”actions group” and their
application can be more informative as a heuristic guide than
the separated actions application. The main search algo-
rithm can recuperate the time that the computation of se-
quences takes. Therefore, the main search algorithm can
use a shorter path to achieve the goal with sequences than
with direct heuristics. The main stake is to build the best
sequences by choosing the actions as possible in the order
of their applications to access the result as fast as possible.
This will be our future work where we aim to refine the lo-
cal criteria in a way to obtain optimal sequences, and by
consequence to reduce the search time and the search space.
Another extension to FAP will be the introduction of actions
with conditional effects, where we thought the local criteria
refinement would be harder to generate relevant sequences
instead of generation a sequence for each possibility.
The main search algorithm of FAP is the N-Best-Hill-
Climbing which is complete and in which we can go back to
revisit previous actions when needed. But our experiments
have showed that the result is often achieved in the first pass.
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Abstract

Marvin is a forward-chaining heuristic-search planner.
The basic search strategy used is similar to FF’s en-
forced hill-climbing with helpful actions (Hoffmann &
Nebel 2001); Marvin extends this strategy, adding extra
features to the search and preprocessing steps to infer
information from the domain.

Introduction to Marvin
Marvin is a forward-chaining domain-independent planner
that uses a relaxed-plan heuristic to guide its search. The
name Marvin stands for Macro-Actions from Reduced Ver-
sions of the INstance and gives some insight into the way
in which the planner works: it attempts to create a reduced
instance of the problem with which it is presented, solve
this smaller instance, and then use the solution to assist with
solving the original problem.

Basic Search Strategy

The basic search used is similar to FF’s enforced hill-
climbing with helpful actions (Hoffmann & Nebel 2001);
Marvin extends this strategy, adding extra features to the
search and preprocessing steps to infer information from the
domain. This section details the modifications made to the
search strategy.

When plateaux are encountered Marvin resorts to best-
first search as opposed to breadth-first search—in prac-
tise this improves its performance but may increase the
makespan of the plan.

To reduce the overheads incurred by memoising already-
visited states no record is kept of visited states if search
is progressing normally; however, should a plateau be en-
countered, the differences between states on the plateau and
the state at the start of the plateau are memoised, and states
whose difference has already been memoised are pruned.

To prune action choices Marvin constructs groups of sym-
metric objects (objects with identical properties), extracts
one exemplar from each group and then prunes actions
which involve any entities which are not the exemplar for
their group; for example, in the gripper domain, if two balls
are symmetrical in a given state it will only consider apply-
ing the pickup action to one of them.

Marvin can exploit the potential for concurrency in solu-
tion plans by considering, at each choice point, all of the
actions that could be applied at the current time point (t) be-
fore considering the actions that could be applied at the next
time point (for non-temporal domains this is simplyt + 1).
This approach increases the branching factor and could thus
become very expensive during periods of exhaustive search;
hence, during such periods the concurrency reasoning is sus-
pended until the plateau is escaped. The steps to escape a
plateau are then post-processed to reintroduce concurrency
where possible.

Instance Reduction
Before attempting to solve the problem instance with which
it is presented, Marvin creates a smaller instance of the prob-
lem. This approach was motivated by the observation that
small instances can be solved quickly and their solutions of-
ten contain action sequences similar to those in solutions for
larger problem instances. Any knowledge that can be ob-
tained inexpensively by solving a smaller instance will be
valuable in solving the larger instance that was given to the
planner.

Smaller instances are created using symmetry and almost-
symmetry. Two objects are symmetric if, and only if, they
share the same predicates in the initial and goal states: this is
the definition of symmetry used previously by STAN version
3 (Fox & Long 1999). In many domains this reduction does
not discard sufficient entities to create a significantly smaller
problem, hence further pruning is desirable; this is achieved
through the use of almost-symmetry. In this context two
objects are almost symmetric if, and only if, the predicates
defining them in the initial and goal state are of the same
type and they differ only in groundings of one or more ar-
guments of a the predicates. For example, in the problem
below (where all predicates involving package1 and pack-
age2 are shown):

Initial State
at package1 loc1
at package2 loc2
. . .

Goal State
at package1 loc3
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at package2 loc4
. . .

the two packages are ‘almost-symmetric’: they only differ
by one binding in the initial state (the location they are at)
and one in the goal state (their destination).

Using this definition of almost-symmetry the symmetry in
the solution plan for these two entities will be captured, as
well as strict symmetry in the problem: if two objects share
the same predicates in the initial state (even if the ground-
ings of these predicates differ) it is likely that the same, or
a similar, plan can be used to achieve the required goals for
both objects.

When the extraction of groups of related objects is com-
pleted a new smaller problem instance is created by taking
one exemplar from each related group and including only
the predicates whose entities are wholly contained within
this set of exemplars; the smaller instance is then solved, us-
ing the search algorithm described in the previous section,
to generate a solution plan.

The plan generated to solve the smaller instance is pro-
cessed to produce macro-actions. Partial-order lifting is used
to extract independent threads of execution in the plan; af-
ter extraction independent threads are made into individual
macro-actions and are added to the list of actions to be used
in planning to solve the original instance. Whilst adding
actions does increase the branching factor the additional ac-
tions often assist in the planning process as they encapsulate
a previously-successful strategy for solving a similar prob-
lem.

It should be noted that for some domains—for example,
freecell—the reduced problem is unsolvable; in such situ-
ations it is usually the case that the problem is proven un-
solvable very quickly: the goals do not appear in the re-
laxed planning graph. For situations in which the goals are
present in the relaxed planning graph it is necessary to in-
troduce an upper bound on the plan length allowed to ensure
that an unreasonable amount of time is not spent solving the
smaller instance; in practise this does not prevent Marvin
from generating useful macro-actions as preliminary exper-
iments show large macro-actions are often too specialised to
a certain task and are therefore not reusable.

Plateau-Escaping Macro-Actions
Solutions to planning problems often contain a given se-
quences of actions more than once; if finding this reused
action sequence corresponds to exhaustive search a lot of
unnecessary search effort is expended in repeatedly attempt-
ing to find this action sequence. Marvin attempts to im-
prove on the plateau behaviour of previous forward-chaining
planners by memoising the action sequence which success-
fully lead from the start of a plateau to a strictly-better state;
these memoised action sequences form what are known as
plateau-escaping macro-actions. To reduce the overheads
of having a greater number of actions to consider at each
state these plateau-escaping macro-actions are only consid-
ered when plateaux are encountered: in normal search only
the original actions from the domain, and any actions de-
rived from the solution to the reduced instance, are used.

When solving the reduced instance any plateau-escaping
macro-actions devised are stored for use when later solving
the original problem; this has the useful side-effect of dis-
covering efficacious escape macros with less computational
effort—it is less computationally expensive to perform the
plateau-escaping search on the reduced instance of the prob-
lem. Furthermore, since the reduced instance is derived from
the original problem instance, it is often the case that the
heuristic breaks down when solving the reduced instance in
some of the places it breaks down when solving the original
problem instance.

As with the macro-actions created from the reduced ver-
sion of the instance the plateau-escaping macro-actions have
a partial order lifted out, the aim of which is to improve
the concurrency within them, reducing the makespan. Once
this processing has taken place the segment of plan which
escaped the plateau is replaced with the macro-action: the
macro-action may exploit concurrency which the original
plan segment did not.

Transformational Operators
Transformation operators are those operators that transform
a certain property of an object but leave other objects un-
changed; for example, the action move in the driverlog do-
main:

pre:
at (truck loc1)
linked(loc1 loc2)

add:
at (truck loc2)

del:
at (truck loc1)

transforms the ‘at’ property of trucks. The reusability of
macro-actions is adversely affected by transformation op-
erators, as they often appear in chains of varying lengths;
consequently, abstraction of the length of these chains is re-
quired if the macro-action is to be as reusable as possible.

Generating sequences of transformational operators is a
shortest path problem, which can be solved by a specialist
solver. Marvin currently recognises transformational oper-
ators by looking for a common fingerprint; however, in the
future TIM (Long & Fox 2000) will be used to provide a
method through which these operators can be identified in a
more-robust manner.

When transformational operators have been identified an
all-pairs shortest-path reachability analysis is done, during
which the best route between two states is stored; then, static
predicates for all pairwise reachable states are added to the
initial state so that Marvin can plan as if the states were all
linked. When an action is later selected for application the
main algorithm simply asks the sub-solver for the action se-
quence required to achieve the desired effect.

ADL
Marvin supports ADL natively; that is, without creating dis-
tinct STRIPS actions for each of the possible ADL action
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Figure 1: Example Satisfaction Tree

groundings. ADL support was written for the purpose of
solving the competition ADL domains—without it, due to
the nature of the STRIPS compilations provided, Marvin
would not have been able to construct any reusable macro
actions.

ADL preconditions are dealt with through the logical re-
duction of each operator’s preconditions to form a ‘Satisfac-
tion Tree’. The idea is to create a tree where the leaves are
predicates (or negations of predicates) and the internal nodes
are either conjunction or disjunction nodes (AND or OR);
then, predicates either help a given ground action become
applicable (if they appear as positive predicate leaves in its
satisfaction tree) or hinder its applicability (if they appear as
negative predicate leaves). The tree is formed by recursively
applying the following rules to each action’s preconditions:

(∀xf(x)) ⇒ (f(x0) ∧ . . . ∧ f(xn))
(∃xf(x)) ⇒ (f(x0) ∨ . . . ∨ f(xn))
(a ⇒ b) ⇒ (¬a ∨ b)
(¬(T0 ∧ . . . ∧ Tn)) ⇒ (¬T0 ∨ . . . ∨ ¬Tn)
(¬(T0 ∨ . . . ∨ Tn)) ⇒ (¬T0 ∧ . . . ∧ ¬Tn)

The first two of these simply compile out the existential
quantifiers dynamically; the third is a logical reformation of
the implies operator; the final two, forms of De Morgan’s
duality law, are used to force any negation into the subex-
pressions, and eventually to the predicates.

Figure 1 shows an example satisfaction tree for an action
in an imaginary domain in which objects can only have a
certain action applied to them if they are being held and are
either blue or green.

ADL effects are handled in a similar manner to precon-
ditions, in that they form ‘Effect Trees’; there are differ-
ences, however, due to the differing semantic structure be-
tween Preconditions and Effects: Effect Trees do not con-
tain OR nodes; instead they introduce ‘When’ nodes. When
nodes have two child branches - a condition branch (which
is, itself, a satisfaction tree) and an effect branch (which is
an effect tree). When an action is grounded any uncondi-
tional effects and effects contingent only on static predicates
are associated with the ground action instance; sub-actions
are then created to encapsulate any effects contingent on dy-
namic information.

The relaxed planning graph in Marvin is modified to ac-
count for the negative preconditions required by ADL. Be-
fore the ADL support was implemented a spike (Long & Fox
1999) for positive predicates was used; to build a relaxed
planning graph forward from a given state the spike was ini-
tialised to contain the predicates in a given state and then
grew as applied relaxed actions added predicates to it. To
support negative preconditions a second spike was created;
this spike is initialised to be empty and then any predicate
present in the initial fact layer which is then, later, deleted
is added to it. A negative precondition is then satisfied at
a given layer in the relaxed planning graph either if it isn’t
present in the initial fact layer or it has since appeared in the
negative fact spike.

Future Work
In the future Marvin will be extended to use the generic-
type recognition knowledge provided by TIM (Long & Fox
2000). This will, amongst other things, improve its sup-
port for transformational operators by providing a flexible
framework for their identification; also, it raises the possibil-
ity of using generic-type-derived heuristics to improve the
discrimination between states when the relaxed plan graph
heuristic reaches a plateau.

Marvin will also be extended to deal with Temporal Plan-
ning: as it already uses macro-actions and concurrency,
much of the framework is already complete.
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Introduction
In this paper we propose a Petri net based representation for
planning problems. The motivation for this is that Petri nets
are a formal tool useful to model and analyse domains in-
volving true parallelism, concurrency, conflicts, and causal
relations which are beyond the scope of classical planning.

In (Silva, Castilho, & Künzle 2000) we presented a way
to translate the plan graph into an acyclic Petri net. This
would already serve as a basis for our desired analysis on
non-classical planning. However, that translation kept the
same redundancies of the plan graph. It just translate propo-
sitions and actions in the plan graph to places and transitions
in the Petri net.

In this first translation we didn’t explore the dynamics of
Petri nets. In the approach proposed in this paper we show
the construction of the Petri net directly from the description
of the problem. In this new structure, we give another view
about the mutex relation and maintenance actions. We give
details about this in section .

In Petri nets, a planning problem corresponds to a
submarking reachability problem. This is known to be
EXPspace-hard (Lipton 1976; Esparza & Nielsen 1994) in
the general case. Fortunately, our net is an acyclic one and
in this case we are in the NP-complete case (Stewart 1995),
which is what we expected. Anyway, to solve the reachabil-
ity problem is not straightforward and due to lack of space
we refer the reader to (Rauhamaa 1990). In this paper we
focus on the structure of our model.

In the next section we recall the basis of Petri nets. Then
we present the construction of a Petri net directly from the
description of the planning problem. Finally we present
some concluding remarks.

Petri Nets, Reachability and the Petriplan
algorithm

A Petri net (Murata 1989) is a 4-tuple N =
(P, T,Pre,Post) where P = {p1, p2, . . . , pn} is a fi-
nite set of places, T = {t1, t2, . . . , tm} is a finite set of
transitions, Pre : P × T → N is the input incidence
function and Post : P × T → N is the output incidence

Copyright c© 2004, American Association for Artificial Intelli-
gence (www.aaai.org). All rights reserved.

function. A Petri net with a given initial marking is denoted
by (N,M0) where M0 : P → N is the initial marking.

The Petri net dynamics is given by firing enabled tran-
sitions, whose occurrence corresponds to a state change of
the system modelled by the net. A transition t of a Petri
net N is enabled for a marking M iff M ≥ Pre(., t). This
enabling condition, expressed under the form of an inequal-
ity between two vectors, is equivalent to ∀p ∈ P, M(p) ≥
Pre(p, t).

Only enabled transitions can be fired. If M is a marking
of N enabling a transition t, and M ′ the marking derived
by the firing of t from M , then M ′ = M + Post(., t) −
Pre(., t). Note that the firing of a transition t from a marking

M derives a marking M ′: M
t
→ M ′.

We can generalise this formula to calculate a new mark-
ing after firing a sequence s of transitions. Let us consider a
matrix C = Post − Pre, called Petri net incidence matrix,
and a vector s, called characteristic vector of a firing se-
quence s (s : T → N, such that s(t) is the number of times
that transition t appears in the sequence s). The number of
transitions in T defines the dimension of the vector s. Then,
firing a sequence s of transitions from M , a new marking
Mg is calculated by the fundamental equation of N :

Mg = M + C.s. (1)

We can use the fundamental equation to determine a vec-
tor s for a given net N and two markings M and Mg . The
satisfying solution must be a nonnegative integer vector, and
it is only a necessary condition for Mg to be reachable from
M . This condition becomes necessary and sufficient for
acyclic Petri nets, a subclass of Petri nets that have no di-
rected circuits (Murata 1989).

The reachability relation between markings of a firing
transition can be extended, by transitivity, to the reacha-
bility of the firings of a transition sequence. Thus, in a
Petri net N , it is said that the marking Mg is reachable
from the marking M iff there exists a sequence of transi-
tions s such that: M

s
→ Mg . The reachability set of a

marked Petri net (N,M0) is the set R(N,M0) such that
(M ∈ R(N,M0)) ⇔ (∃sM0

s
→ M).

We call the reachability problem for Petri nets the prob-
lem of determining if a given marking Mg is reachable from
M0. The sub-marking reachability problem for a given
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sub-marking Ms consists of determining if exists a mark-
ing Mg that is reachable from M0 and Ms ⊂ Mg , where
Mg ∈ R(N,M0). In (Rauhamaa 1990) we have several
different techniques to solve it.

The Petriplan algorithm consists in two steps: first, the
construction of a Petri net from the description of the plan-
ning problem; then find a sequence of transitions firings that
solves the reachability problem. In the next sections we ex-
plore the construction of the net directly from the description
of the problem, taking profit of the representational power of
a Petri net.

The plan net
In this section we modify the structure of our Petri net de-
fined in (Silva, Castilho, & Künzle 2000) and define what
we call the plan net, which is simply a Petri net obtained
directly from the description of the problem exploring the
representational power of Petri nets. We need however to
explain two important points before showing the construc-
tion technique.

First of all, let’s consider the representation of proposi-
tions. In the beginning of the construction of the net a place
represents a proposition. During the process when it is found
that a proposition is a precondition of more then one action,
we just copy the place. It may happen that a place will be
copied several times.

Now let’s consider the possible inconsistencies between
actions. In the plan graph this means to look for the mutex
relation between action in some layer. When this is found
the actions are marked as mutex, i.e., these two actions can-
not be executed at the same time. This forces the copy of
the entire layer to a new one using maintenance actions. In a
certain sense the conflict is not completely solved, just in the
“search for a solution” phase the two actions are ordered.

In our case the proposal is to have no maintenance actions.
What we do is to refine the mutex relation. We relate two
actions in five different ways, not only two (mutex and not
mutex). Let x and y be two actions. We define the following:

• (x q y): they are totally independent, that is, they may
happen even in parallel. This is the “not mutex” in the
plan graph sense. It may be possible to have only x, only
y, x followed (or preceded) by y and x and y in parallel;

• (x / y): x has as effect the negation of some effect of
y. This way x and y may occur in any order, but not in
parallel;

• (x ⊀ y): x has as effect the negation of some precondition
of y. So x could not occur before or in parallel with y;

• (x � y): y has as effect the negation of some precondition
of x. So y could not occur before or in parallel with x;

• (x � y): x ⊀ y and x � y. The given actions may occur
just each one alone or with a third action between them.

This is an important difference between the graph and the
plan net. The price for this is that we need to find out the
correct kind of relation between two actions. The algorithm
is based on a graph structure called graph of static inconsis-
tencies, which is a graph whose nodes are actions and there
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Figure 1: Graph of static inconsistencies for the first layer.

is an edge of type t linking x and y if x is related with y with
respect with relation t. Observe that (x � y) is the stronger
case. The process of construction of this graph has the same
computational cost of finding all the static mutex relations
in the plan graph.

Now we are in condition to show the algorithm to con-
struct the plan net. This process follows the idea of the con-
struction of the plan graph. It begins with marked places
representing the initial state.

We enter then in a loop looking for the places represent-
ing the final state. This loop has three phases, which are
described in details below.

Phase 1: we add transitions representing all possible ac-
tions whose preconditions are already in the net. If some
place is already a precondition of some other transition cre-
ate a copy of this place. This copy is not needed only in the
case whether the consequence of the action is the negation of
that precondition been copied. This copy will be linked with
the transition been added. This phase will define a layer, i.e.,
all possible actions that may be fired simultaneously.

Phase 2: we construct the graph of static inconsistencies
for the transitions in the last generated layer (figure 1). It is
constructed as we explained above. This graph will guide
the construction of the control structure of the net. This is a
Petri net containing all possible sequences of non inconsis-
tent actions present in the last generated layer. The places
here are not associated with propositions, they are just con-
trol places. We merge this structure in the net. The merge
process is to include copies of the actions appearing in the
control structure that are not in the original net. But we do
not need to copy the places representing preconditions of
the actions been copied. For example in figure 2 the ac-
tion mft(b, c)0 was copied to mft(b, c)1, but both share the
same preconditions f(b)1, f(c)0 and ot(b)0. At the end of
this phase we have a Petri net containing all possible ways
of executing the actions without any conflict in this layer.
Figure 2 shows the resulting net.

We must say that the notion of layer in the Petri net is dif-
ferent from that in the plan graph. Here, a layer may contain
actions happening in more than one instant of time, whereas
in the plan graph each layer is associated with only one in-
stant of time. Due to the process of construction based on
the graph of static inconsistencies we can warrant that there
is no static inconsistent sequences of actions in each branch
of the net in this layer.

Phase 3: if the net contains places representing the goal
state we enter phase 3, i.e., we will look for a solution. That
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Figure 2: The first layer for Sussman anomaly with control
structure.

means to find a flow in the net which puts tokens in the
places representing the goal state. This is the reachability
problem in Petri nets. As said, we refer to (Rauhamaa 1990)
for the complexity of this problem. If such a flow exists, then
it is a (possibly parallel) plan. In the other case, we return to
phase 1. In our example there is no such a flow. So we must
return one more time to phase 1 and 2. For lack of space we
will not show the figures. Now in phase 3 the flow exists.
Figure 3 the final Petri net for the Sussman anomaly. This
net is a simplified version containing just the paths which
reach some goal state place.
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Figure 3: Final Petri net for the Sussman anomaly.

Discussion
Relations between Petri nets and planning problems were
former investigated by (Murata & Nelson 1991) and (Mieller
& Fabiani 2000). The first use a general cyclic predicate-
transition Petri net. The problem is that the necessary and
sufficient condition of equation 1 is broken, and the only
way to solve the reachability problem is to use the reach-
ability graph, which leads to an enumerative search for a
solution.

The second approach defines a cyclic coloured Petri net,

in which each place corresponds to a logical predicate de-
scribing actions preconditions or effects. The operators in-
stantiation is made by token colours. The theoretical model
obtained for the resulting planning problem is in fact more
compact than ours, but it presents the same problem of ex-
haustive search, as in (Murata & Nelson 1991).

In our approach, however, we have a simpler acyclic
place-transition Petri net, with necessary and sufficient con-
ditions to use the equation 1 to find a solution to the plan-
ning problem. This paper modifies our first presentation of
the Petriplan algorithm (Silva, Castilho, & Künzle 2000) by
taking profit of the dynamics of the Petri net thus reducing
the structure.

Finally, the method proposed in this paper permits to con-
struct a Petri net representation of the planning problem. As
others methods, we can find a solution to the planning prob-
lem, in our case using reachability algorithms. The classical
way is to start an exhaustive search, just as Graphplan does.
However, as we have an acyclic Petri net, the matrix rep-
resentation of the fundamental equation can be viewed as a
constraint satisfaction problem, which can be solved using
several methods, as integer programming, SAT, among oth-
ers.
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Abstract

We have developed SGPlan, a planner that com-
petes in the Fourth International Planning Com-
petition. SGPlan partitions a large planning prob-
lem into subproblems, each with its own subgoal,
and resolves inconsistent solutions of subgoals us-
ing our extended saddle-point condition. Subgoal
partitioning is effective because each partitioned
subproblem involves a substantially smaller search
space than that of the original problem. We have
developed methods for the detection of reason-
able orders among subgoals, an intermediate goal-
agenda analysis to hierarchically decompose each
subproblem, a search-space-reduction algorithm to
eliminate irrelevant actions in subproblems, and
a strategy to call the best planner to solve each
bottom-level subproblem. Currently, SGPlan sup-
ports PDDL2.1 and derived predicates, and algo-
rithms for supporting time initiated facts and ADL
are under development.

OVERALL ARCHITECTURE
By formulating a subproblem in such a way that each
has one goal state, SGPlan partitions a planning prob-
lem into subproblems, orders the subproblems accord-
ing to a sequential resolution of its subgoals, and finds
a feasible plan for each goal fact. Using the ex-
tended saddle-point condition and constrained search,
new constraints are enforced to ensure that facts and as-
signments in a later subgoal are consistent with those of
earlier subgoals.

Figure 1 shows the architecture of our planner. In
the global level, we select a suitable order for the plan-
ner to solve the partitioned subgoals, introduce artifi-
cial global constraints to enforce that the solution of one
subgoal solved later does not invalidate that of an earlier
subgoal, and resolve violated global constraints using
the theory of extended saddle points. In the local level,
we perform a hierarchical decomposition of first-level

∗Research supported by the National Aeronautics and
Space Administration Grant NCC 2-1230 the National Sci-
ence Foundation Grant ITR 03-12084.
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Figure 1:The architecture of SGPlan.

subgoals, prune irrelevant facts and actions before call-
ing a basic planner, and choose a suitable basic planner
for solving the second-level subproblem.

Figure 2 presents the pseudo code of our planner.
Based on the subgoals identified, we partition the prob-
lem into N subproblemsG1, · · · , GN , one for each
subgoal, and order the subproblems appropriately. For
Gi, we perform an intermediate-goal-agenda (IGA)
analysis to decompose it intoCi smaller subproblems
Pi,1, · · · , Pi,Ci

. For each second-level subproblem,
we perform subspace-reduction analysis to reduce its
search space and choose a suitable planner (calledbasic
planner) to solve it. Finally, we evaluate the composed
plan and update the Lagrange multipliers.

Our approach is different from incremental plan-
ning (Koehler & Hoffmann 2000) that uses a goal
agenda. In incremental planning, a planner maintains a
set of target facts, adds goal states incrementally into the
target set, and extends the solution by using the new tar-
get set. This means that a goal state will always be sat-
isfied once it is satisfied. However, it may be more ex-
pensive to solve subsequent problems, since the search
space increases as more goal states are added. More-
over, it is difficult to tell which goals should be satisfied
before others. In contrast, SGPlan always involves only
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1. procedure SGPlan
2. compute the partial orders among subgoals;
3. generate an initial ordered list of subgoals;
4. setiter ←− 0;
5. repeat
6. for each goal fact in the subgoal list
7. find the intermediate goal facts;
8. generate an IGA agenda;
9. for each entry in the IGA agenda
10. call search space reduction procedure and

eliminate irrelevant actions;
11. call basic planner to solve the subproblem;
12. end for
13. end for
14. if (planz found is feasible)
15. evaluate the solution plan;
16. decrease some Lagrange multipliers;
17. else increase Lagrange multipliersγ on unsatisfied

global constraints;
18. iter ← iter + 1;
19. if (iter % τ == 0) dynamically re-order the subgoals;
20. until no change onz andγ in an iteration;
21.end procedure

Figure 2:The pseudo code of SGPlan.

one goal fact in a subproblem. Therefore, the search
space of the subproblems is not increasing, and irrele-
vant actions in each subproblem can be pruned.

GLOBAL-LEVEL PLANNING
Subgoal Ordering and Global Constraints
When dependent subgoals are evaluated sequentially, it
is possible that a subgoal evaluated later may invalidate
the results of a subgoal evaluated earlier, and the ear-
lier subgoal has to be re-evaluated. Although such con-
flicts may be unavoidable, appropriately ordered sub-
goals can significantly reduce the occurrences of such
conflicts. Intuitively, difficult subgoals should be re-
solved before easier ones.

It is non-trivial to find an optimal order that mini-
mizes the conflicts among subgoals. In fact, it may be
more computationally expensive to find the best order
than solving the problem itself. In SGPlan, we have de-
veloped three heuristics for partial ordering of subgoals
that can be computed efficiently (Step 2 of SGPlan).

The first level is calledreasonable ordering proposed
in (Koehler & Hoffmann 2000). Suppose goal factA is
ordered beforeB in the subgoal list, but after we get a
plan that achievesA, we cannot achieveB without in-
validatingA first. Then the search for achievingA first
is wasted, and it is more efficient to achieveB before
A. We use an algorithm in FF2.2 (Koehler & Hoffmann
2000) to find such reasonable orders.

For goal pairs not ordered by reasonable ordering,
we apply a second level of ordering calledirrelevance
ordering. Based on backward relevance analysis (dis-
cussed in the next section), we compute the number of
irrelevant actions of each goal fact, and orderA before
B if A has less irrelevant actions. The idea is to resolve

more difficult subgoals, with less irrelevant actions.
For goal pairs not ordered by the first two levels, we

apply the third level of ordering calledprecondition or-
dering. Specifically, forA andB with the same number
of irrelevant actions that cannot be ordered by reason-
able ordering, we orderA beforeB if np(A) > np(B).
Here,np(A) is the minimum number of preconditions
of those supporting actions:

np(A) = min
a∈S(A)

npre(a), (1)

whereS(A) is the set of all actions that support goal fact
A, andnpre is the number of preconditions of actiona.
Again, the idea is that more difficult goals, with larger
np, should be resolved first.

For pairs of subgoals that are not involved in any of
the three levels or ordering, we randomly order them.
At the beginning of a search, we randomly generate a
total ordering of the goal facts that satisfy the three lev-
els of partial orders (Step 3) and periodically generate
new total orders during the search (Step 19).

To identify conflicts among solutions of subgoals, we
define a global constraint so that the solution plan of
a subgoal will not invalidate the goal fact of another
subgoal. Each global constraint in SGPlan is a binary
constraint that indicates whether conflicts exist or not.

Resolution of Global Constraints
The planning problems studied in SGPlan are defined
in mixed space with nonlinear objective and constraints
that may be procedural and not in closed form. SGPlan
implements a search to find extended saddle points in
the Lagrangian space of a problem (Chen & Wah 2003;
Wah & Chen 2003). The extended saddle-point condi-
tion (ESPC) states that solution points in mixed space
that are local optima of the objective and that satisfy
all the constraints must satisfy ESPC. The condition is
defined on a Lagrangian function that consists of the
sum of the objective and the constraints weighted by
Lagrange multipliers, where an extended saddle point is
a point that is a local minimum of Lagrangian function
with respect to the original variable space and a local
maximum of the function with respect to the Lagrange-
multiplier space.

An important property of ESPC is that the condition
is true for all Lagrange multipliers larger than a mini-
mum threshold. Hence, finding points that satisfy ESPC
can be implemented iteratively, with an inner loop that
looks for local minimum of the Lagrangian function,
and an outer loop that looks for any Lagrange multipli-
ers larger than the critical threshold. The property also
allows a search looking for extended saddle points to
be partitioned into multiple searches, each looking for
a local extended saddle point for a partitioned problem
(Steps 6-12 of Figure 2), and an outer loop that resolves
the global constraints across the subproblems (Step 17).

A direct implementation of ESPC in a search algo-
rithm may get stuck in an infeasible region when the
objective is too small or when the Lagrange multipliers
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and/or constraint violations are too large. To address
this issue, SGPlan performs periodic decreases of La-
grange multipliers in the Lagrangian space in the outer
loop, in addition to ascents (Step 16).

SUBGOAL-LEVEL PLANNING

Subgoal-Level Decomposition

Sometimes the subproblems after first-level partitioning
by subgoals are still too large to be solved quickly. An
obvious approach to reduce this complexity is to further
partition the subproblem into smaller ones.

Given subgoalG after first-level partitioning, we pro-
pose to identify some “hidden” intermediate second-
level subgoals (or facts) that must be true in any plan
that achievesG from a given initial state (Steps 7 and
8). These facts allow us to construct an intermediate
goal agenda (IGA), which is an ordered list of agenda
entries, each containing a set of intermediate facts.

From a fixed initial stateS, we define the following
relationship between two factsA andB. A is an in-
termediate goal beforeB, denoted asA �IGA B, if
the planning graph starting fromS cannot achieveB
without achievingA first. We construct the planning
graph similar to that in Graphplan, with the following
two changes: a) we do not compute any mutual exclu-
sion relations; b) we forbid the insertion ofA into the
planning graph at any level (thereby also forbidding the
insertion of any actions havingA as a precondition). If
B is not in the planning graph after the construction of
the graph, then we haveA �IGA B.

Based on the intermediate facts, we detect the�IGA

orders among them and construct a directed graph
showing their partial orders. We then identify an agenda
of sets of facts that must be true in any plan ofG.

SGPlan determines dynamically whether partitioning
should be further carried out, depending on whether a
subgoalG is easy enough to be resolved quickly us-
ing the IGA agenda. If subgoalG is to be partitioned,
SGPlan further uses symmetry-group detection to see if
a path can be constructed from the current facts to the
subgoal:f0 → f1 → · · · → G, wheref0, f1, · · · are
all in the same symmetry group as that ofG. It then
partitions the problem of achievingG from f0 into N
subproblems:f0 → f1, f1 → f2, . . . , fN−1 → G.

Our approach is different from existing approaches
for finding intermediate facts (Koehler & Hoffmann
2000) that expand a search space from the goal state and
find some indispensable pre-conditioning facts. Since
the initial state is not specified, there is no way to tell
to what depth the backward expansion should stop. In
contrast, our method considers both the initial and the
goal states in determining whether an intermediate fact
is critical and always stops in finite levels of expansions.
In addition, we detect the partial orders among these
facts and form an agenda to avoid unachievable inter-
mediate states, which could occur in previous methods.

Search-Space Reduction
After partitioning a subproblem into easier second-level
subproblems, we can often eliminate many irrelevant
actions in their search space before solving them. Such
a reduction is generally not applicable to planning prob-
lems that are not partitioned because in most cases all
actions in their search space are relevant.

We have designed a polynomial-timebackward rel-
evance analysis to exclude some irrelevant actions be-
fore applying any planner to solve a subproblem (Step
10). Given a subproblem to be solved, we maintain an
open list of unsupported facts, aclose list of relevant
facts, and arelevance list of relevant actions. In the be-
ginning, the open list contains only the subgoal facts of
the subproblem, and the relevance list is empty. In each
iteration, for each fact in the open list, we find all the
actions supporting that fact and not already in the rele-
vance list. We then add these actions to the relevance
list, and add the action preconditions that are not in the
close list to the open list. We move a fact from the open
list to the close list when it is processed. The analy-
sis ends when the open list is empty. At that point, the
relevance list will contain all possible relevant actions,
while excluding those irrelevant actions.

Since partitioned subproblems usually have similar
structures, we learn suitable rules for subproblem solv-
ing during a search. After a number of trial-and-error,
SGPlan records some suitable heuristics and parameters
that lead to the successful resolution of subgoals and use
them in solving other subproblems.

Basic-Planner Selection
Our current implementation of SGPlan uses a modi-
fied Metric-FF planner for basic planning and only in-
vokes LPG when the modified planner fails. We have
developed new algorithms and modified heuristic func-
tions in the enhanced Metric-FF to fully support derived
predicates, temporal planning, and time initiated facts
(still under development).
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Introduction

LPG-TD is an extension of the LPG planner (Gerevini, Saetti,
& Serina 2003; 2004) that can handle most of the features of
PDDL2.2 (Edelkamp & Hoffmann 2003), the standard plan-
ning language of the 4th International Planning Competi-
tion (IPC-4).1 In particular, LPG-TD is an incremental fully-
automated planner generating plans for problems in domains
involving:

�
STRIPS actions;

� durative actions;
� actions and goals involving numerical expressions;
� operators with universally quantified effects;
� operators with existentially quantified preconditions;
� operators with disjunctive preconditions;
� operators with implicative preconditions;
� timed initial literals (deterministic unconditional exoge-

nous events);
� predicates derived by domain axioms;
� maximization or minimization of complex plan metrics.

Like the previous version of LPG, the new version is based
on a stochastic local search in the space of particular “action
graphs” derived from the planning problem specification. In
LPG-TD, this graph representation has been extended to deal
with the new features of PDDL2.2, as well to improve the
management of durative actions and of numerical expres-
sions (already supported by PDDL2.1 (Fox & Long 2003)).

In the following, we briefly describe the main novelties of
LPG-TD, which include some new techniques for planning
problems involving timed initial literals and derived predi-
cates, and some general improvements of all phases of the
planner (pre-processing, search and post-processing).

Copyright c
�

2004, American Association for Artificial Intelli-
gence (www.aaai.org). All rights reserved.

1The “TD” extension in the name of the planner is an abbre-
viation of “Timed initial literals and Derived predicates”, the two
main new features of PDDL2.2.

Handling Timed Initial Literals
Timed initial literals represent facts (predicates instantiated
with constants) that become true or false at certain time
points, independently of the actions in the plan. They cor-
respond to particular exogenous events known by the plan-
ner (Edelkamp & Hoffmann 2003). A fact can become true
or false several times through different timed initial literals,
defining a set of disjoint temporal windows where the fact
holds. For example, the first problem of the Satellite do-
main in IPC-4 has two timed initial literals

(at139.00(visibleantenna0satellite0)),
(at219.04(not(visibleantenna0satellite0)))

defining a single temporal window for the fact

(visible antenna0 satellite0).

According to PDDL2.2, the fact involved by a timed initial
literal can appear in the preconditions of an action, while
it can never appear in its effects. We call such precondi-
tions timed preconditions, and we represent them as partic-
ular nodes of the action graph. If a plan action � has a timed
precondition � of type “overall” involving a fact � , � is sat-
isfied when the interval identified by the start time and the
end time of � is contained into at least one temporal window
associated with � . Similar conditions can be defined for the
other possible types of preconditions in a durative action.

Essentially, an unsatisfied timed precondition involving a
fact � in � is treated by either (i) removing � from the plan
under construction, or making some changes to the plan that
make the execution of � compatible with a temporal window
associated with � , i.e., by (ii) appropriately postponing the
start time of � , or (iii) removing one or more actions that
permit to decrease the start time of � .

In the new version of LPG, the graph-based plan represen-
tation, the pre-processing phase (reachability analysis and
computation of the “mutex relations”), and the search tech-
niques have been extended to perform such plan modifica-
tions when dealing with unsatisfied timed preconditions.

Handling Derived Predicates
Derived predicates are predicates that can not be achieved
directly by the domain actions. A derived predicate �	� 
�� is
true at a certain time 
 during the execution of a plan iff it
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can be derived from the facts that are true at time 
 through
a set of rules specified in the domain formalization. Each of
these rules is of the form

if � � 
�� then �	� 
 � ,
where 
 is a tuple of variables, and � � 
�� a logical formula
(a precise syntactic and semantic definition of domain rule
is given in (Edelkamp & Hoffmann 2003)).

A typical example of derived predicate in the
Blocksworld domain is above, which can be derived
by using the following rule:

if ����� � 
��	� ��

��� ��������� � 
���� ��� ��������� �����	� ���
then � ��������� � 
���� � .

In PDDL2.2, a derived predicate can be a precondition of
an action or a goal of the planning problem, which we call
derived precondition (we treat problem goals as precondi-
tions of a special final action). A derived precondition of an
action � is satisfied if it is implied by the domain rules and
the facts that are true when � is executed.

Essentially, an unsatisfied derived precondition � in � is
treated by either (i) removing � from the current plan, or (ii)
adding one or more actions that modify the set of the facts
that are true when the action can be executed in the plan,
so that � becomes true by applying of one or more domain
rules. For example, consider a simple Blocksworld prob-
lem where the initial state is

(on-table a), (on-table b), (on c b)

and the goal is (above a b). When the domain rule of the
previous example is available, it is easy to see that the goal
can be achieved by just adding to the (initially empty) plan
the action stack(a,c) making (on a c) true.

In the new version of LPG, the graph-based plan represen-
tation, the pre-processing phase (reachability analysis and
computation of the mutex relations), and the search tech-
niques have been extended to take possible domain rules into
account.

Further Extensions
In addition to the treatment of timed initial literals and de-
rived predicated, the new version of our planner includes
several revisions and extensions with respect to the version
that took part in the previous competition. Such changes
concern the pre-processing phase, the search phase, and
post-processing phase of the planner. In the following, we
give a list of them.

Pre-processing
� The algorithm for computing mutex relations has been

revised to make it faster than the original algorithm de-
scribed in (Gerevini, Saetti, & Serina 2003).

� Some actions are automatically identified as “useless ac-
tions”, and they can be pruned away at parsing time or
they can be neglected during search.

� The computation of the reachability information for nu-
merical domains has been improved to derive more accu-

rate information that are exploited by the heuristic func-
tion evaluating the search neighborhood.

Search
� We have developed new heuristics for evaluating the

search neighborhood specialized for the different variants
of a planning domain supported by PDDL2.2.

� The basic local search strategy (Walkplan) has been ex-
tended with a “tabu list” helping to escape from local min-
ima.

Post-processing
� We have developed a technique for increasing the degree

of parallelism in the plans generated by LPG for domains
with durative actions and numerical expressions. This is
done by an algorithm that, starting from the set of the ac-
tions forming the plan and their ordering constraints iden-
tified by the planner, tries to reduce the plan makespan.

Finally, at the time of writing, the development of LPG-
TD is still in progress. In particular, we are experimenting
a pre-processing technique for the automatic ordering of the
problem goals, and we are developing an extension of the
representation for handling actions involving conditional ef-
fects.
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Abstract

Described here is the temporal metric planner CRIKEY
as it competed in the International Planning Compet-
ition 2004. CRIKEY separates out the planning and
scheduling parts of temporal planning problems, and
detects where these two sub-problems are too tightly
coupled to be separated completely. In these cases it
solves the sub-problems together. The domains of the
competition are looked at to see where these interac-
tions occur.

Introduction

CRIKEY is a forward heuristic search planner based closely
on MetricFF (Hoffmann 2002) and implemented in Java1.4.
In a similar fashion to MIPS (Edlekamp & Helmert 2000), it
separates the planning and scheduling where it can, however
it solves the two problems together where such a relaxation
will fail. It is this combining of the problems only where
necessary and the reasoning associated with it that distin-
guishes it from other similar planners (and where the focus
of the research lies). It can detect these cases in the domain
and act accordingly. I am only interested in where the inter-
action and separation of sub-problems will prevent a solu-
tion being found, and not where this separation leads to an
inferior quality of solution. CRIKEY is complete and sound
but not optimal (either in time or the specified metric). It
will however make an attempt to minimise the number of
actions in a plan.

Capabilities

CRIKEY was written to work with the PDDL2.1 (Fox
& Long 2001) models of metrics and time. It can deal
with both temporal aspects (i.e. durative actions) and
metrics resources. More formally, it can parse and plan
with PDDL domains with the:typing , :fluents , and
:durative-actions requirements. Unfortunately, cur-
rently it can not make use of any of the ADL constructs or
the new language features (namely, timed initial literals or
derived predicates).

Copyright c© 2004, American Association for Artificial Intelli-
gence (www.aaai.org). All rights reserved.

Architecture
The architecture of CRIKEY is shown in Figure 1. It
first looks at the domain for where planning and schedul-
ing could potentially interact. Then it performs forward
heuristic search using a relaxed plan graph. The mini-
scheduler makes sure that a schedulable plan is passed into
the scheduling phase. This consists of lifting a partial order
plan from the totally ordered plan, and then turning this into
a temporal plan. Crucially, there is no feedback from the
scheduling phase to the planning phase, therefore the plan-
ner must produce a plan that the scheduler can schedule.

Technical Details
Planning
CRIKEY finds a plan through forward heuristic search sim-
ilar to FF (Hoffmann & Nebel 2001). During planning, tem-
poral information is ignored. The search strategy is enforced
hill climbing, that is, once a better state is found, search pro-
ceeds from that state without backtracking. Best first search
is used on plateaus, where all neighbouring states are no im-
provement on the current state. If enforced hill climbing
fails, best first search is attempted from the initial state. This
is complete and so theoretically should find a plan.

The heuristic value is the length (number of actions) of a
relaxed plan where the delete effects are ignored. The re-
laxed plan is from the current state to the goal state and is
easily extracted from a relaxed planning graph.

As in FF, only helpful actions are considered in the en-
forced hill climbing. Helpful actions are actions which ap-
pear in the first layer of the relaxed planning graph and are
also in the relaxed plan.

Scheduling
A greedy algorithm (Morenoet al. 2002) works backwards
through the totally ordered plan finding causal links between
the starts and ends of actions to form a partially ordered
plan. Links are either≤ or < (in which case a minimum
value equal to the tolerance value must separate the two end
points). These are put into an STN upon which Floyds-
Warshalls Algorithm is to calculate the actual time of the
actions in the partially ordered plan.

The algorithm must not only look for orderings based on
logical conditions, but also for orderings due to metric con-
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Figure 1: Architecture Overview of CRIKEY

straints. For a> or≥ resource constraint, just enough pro-
ducers of that resource are ordered before it, assuming that
all consumers that preceed it in the totally ordered plan, oc-
cur before it in the partially ordered plan. The same is true
for < or≤ conditions, apart from the roles of consumer and
producers are reversed. Whilst this is conservative, it must
be sound as the totally order plan is correct (at worst, the
partial order will be the same as the total order).

The next section details how it is impossible to produce
an unschedulable plan.

Interactions

In cases where the planning and scheduling interact, precau-
tions must be made to ensure that a plan is not produced
which is unschedulable. This can happen where the actions
musthappen in parallel (as opposed to the more common
case where actionscanhappen in parallel if they do not in-
terfere). That is to say, one or more actions (called “con-
tent actions”) must happen whilst another (the “envelope ac-
tion”) is executing. If there is not enough time to execute the
contents during the envelope, then an unschedulable plan is
produced.

These cases are detected in advance by looking for “po-
tential envelopes” - actions which allow other actions only

to happen during their duration. These happen where:
(endcond \ startadd 6= ∅ ∧ startadd \ endcond 6= ∅)

∨startdel ∩ endcond 6= ∅
∨addstart ∩ delend 6= ∅

We shall name three states,s1, the state immediately be-
fore the start of the action,s2, the state immediately after
the start, ands3 the state immediately after the end of the
action. An action applicable ins2 and not ins1 must have
been achieved by the at start add effects (since there are no
negative conditions, it could not have been achieved by an
at start delete effect). Taking it further, there are no actions
that could be applied ins2 and not ins3 which could not
have been applied ins1, apart from those achieved by the
at start add effects and then deleted by the at end delete ef-
fects. Alternatively, an action could be achieved by the start
effect, and the effects of this action needed to achieve the
end conditions. They are called potential envelopes since (at
the moment) there is no effort to find out if there are any
content actions that must go in these envelopes.

As stated, where there are potential envelopes, there is the
potential to produce an unschedulable plan. To avoid this,
envelope action are split into two separate actions, a start
action containing the start conditions and effects, and an end
action containing the end conditions and effects. Invariants
become conditions of the end action, and, if not achieved by
the start effects, also of the start action. An end action cannot
be applied until its corresponding start action is in the plan,
and a plan is not valid until all the start actions in the plan
also have their corresponding end actions in the plan.

On putting a start action into the plan, a mini-scheduler
is associated with this action. This mini-scheduler consists
of a Simple Temporal Network, a set of content actions (ini-
tially empty) and a set of orderings between these actions.
The mini-schedulers use the same algorithms as the main
scheduling part of CRIKEY. Any (content) actions which
are now considered, must be checked against this mini-
scheduler to ensure that if they must go in the envelope,
the STN is consistent (that is to say that there is enough
time to execute the action). If not, then the action is not
considered applicable, and that branch is removed from the
search space. When the envelope’s end action is chosen, the
mini-scheduler is then discarded. Figure 2 is pseudo-code
for the mini-scheduler. As can be seen, invariants are pro-
tected whilst an envelope’s start has been chosen but not its
end action. No other action may delete these invariants until
that action has completed.

Competition Domains
Unfortunately, none of the domains in the 2004 competition
in their purest form (that is, without the new features com-
piled out) contained any envelopes (i.e. no actionshad to
happen in parallel) and so in all problems the planning and
scheduling were relatively loosely coupled. This means that
CRIKEY could not show off its mini-scheduling capabilities
to cope with these situations. It is hoped that after the com-
petition, the other competing planners will become available
and it will be possible to compare them with CRIKEY on
domains which do contain such situations.
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1. CheckAcond are satisfied. If not, return false.
2. CheckAdel do not delete invariants in the list of invari-

ants. If not, return false.
3. If A is a start of an envelope

(a) Create a new mini-scheduler forA and add to list of
mini-schedulers.

(b) AddA’s invariants to the list of invariants.
4. Else If A is an end of an envelope

(a) RemoveA’s mini-scheduler from the list of mini-
scheduler.

(b) RemoveA’s invariants from the list of invariants.
5. For Each envelopeE currently open

(a) Get orderings forA in E.
(b) If no orderings, return true.
(c) Add orderings to the STN.
(d) Return the consistency of the STN.

Figure 2: Algorithm to decide whether an actionA is applic-
able

Envelopes were present in versions of the domains where
timewindows and deadlines had been compiled down from
PDDL2.2 to PDDL2.1. These envelopes are present in the
newly created dummy actions to enforce the constraints and
lasted the length of the plan. As the envelope lasts the length
of the plan, the mini-scheduler for each dummy action is
active throughout the planning process. This is highly in-
efficient and not what the mini-schedulers are designed to
solve. However, it still makes sure that an unschedulable
plan is not passed to the scheduler.

Since there were no domains particular to CRIKEY’s de-
signed purpose and strengths, not much development of
CRIKEY was performed whilst the competition was run-
ning, except to correct bugs in the code and parser. It is
thought that not being able to handle ADL was not such
a disadvantage as CRIKEY would probably have only per-
formed an equivalent compilation internally.
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Abstract

TP4 and HSP
�� are optimal temporal planners, though they as-

sume a semantics for temporal planning problems that differs
somewhat from the PDDL2.1 standard. Both use regression,
and automatically extracted admissible heuristics to inform
search: their only difference is that HSP

�� invests more time
in computing a more accurate heuristic. Two new tricks were
added to the planners to cope with some domains in the 2004
planning competition. The more interesting of those is a two-
stage optimization scheme which speeds up planning in do-
mains with highly uneven action durations.

Introduction
The TP4 and HSP

�� planners find temporal plans for STRIPS
problems with durative actions. The plans found are optimal
w.r.t. makespan, i.e. the total execution time of the plan, and
the planners are also able to ensure that the plan does not
violate certain kinds of resource constraints.

TP4 participated in the 2002 planning competition, where
it may be said to have ended up second-to-last (although it
rightfully deserved the last place)1. The version of TP4 par-
ticipating in the 2004 competition is a reimplementation of
essentially the same planner. The new implementation, hav-
ing been designed to be a flexible experimental platform for
variations of the basic planning algorithm (such as HSP

�� )
rather than an efficient implementation of a single algorithm,
is somewhat slower than the earlier version.

This paper focuses on two points: First, the semantics
that TP4/HSP

�� assume for planning problems (which dif-
fers from the PDDL2.1 standard) and second, new tricks that
were added to the planners to address problems encountered
in the competition domains.

The Semantics of Planning Problem
Specifications

Put somewhat pointedly, TP4 does not accept PDDL2.1 in-
put2. For practical purposes it uses the same syntax, but
durative actions and fluents are interpreted in a maner that
differs from the PDDL2.1 specification (Fox & Long 2003).

1This is my interpretation: Such a strict ordering of planners
was not an official result of the competition.

2The same applies to HSP
�� .

Durative Actions
The semantics that TP4 assumes for durative actions are es-
sentially those introduced by Smith and Weld (1999) for
their TGP planner.

An action � has preconditions �	��

����� , positive (added)
and negative (deleted) effects ����������� and �

�������� , which are
all sets of atoms, and a duration ���	����������� . Preconditions
that are not deleted by the action are termed persistent pre-
conditions, i.e. ��
�������� �!�"��
������$#%��
�������� . For action � to
be executable over a time interval & ')(�'+*,���	�������.- , atoms in
�"��
������ must be true at ' , and atoms in ��
/������� must remain
true (i.e. not interfered with) over the entire interval. Effects
of the action take place at some point in the interior of the
interval, and thus can be relied on to hold at the end point.
This respects the “no moving target” rule of PDDL2.1, but
in a different way: instead of requiring plans to explicitly
separate an action depending on a condition from the effect
that establishes the condition, TP4’s semantics requires that
change takes place in a time interval.

TP4’s interpretation makes durative actions strictly less
expressive than in PDDL2.1, where effects can be specified
to take place exactly at the start or end of an action. In par-
ticular, it does not support actions that make a condition true
only during their execution (i.e. add the atom at the start of
the action and delete it again at the end), which prevented
TP4 from solving any of the problems with timed initial lit-
erals, since the compilation of those makes use of this type
of effect.

Resources
TP4 does not deal with fluents but with resources, specifi-
cally resources of two kinds: A reusable resource is one that
actions “borrow” some quantity of during their exectuion,
but the total amount of the resource (free and in use), does
not change over time. A consumable resource is one that
each action may either consume or produce some quantity
of, thus changing the total (and free) amount of the resource
over time3.

Resources of both kinds can be modelled in PDDL2.1 us-
ing fluents and certain “patterns” of action conditions and

3This is similar to what is called a reservoir by Laborie
(2001). A reservoir, however, can be both borrowed and con-
sumed/produced.
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effects, and TP4 identifies resources in a problem by look-
ing for these patterns. For example, an action with the ef-
fects (at start (decrease 021 )) and (at end
(increase 021 )), and the condition (over all
(>= 0 0)), uses the fluent 0 as a reusable resource4.
However, in PDDL2.1 it is possible to express the same re-
source restriction also in other ways, e.g. by having actions
that use the resource increase 0 at start, decrease it at end and
require that 04365 , for some static fluent 5 representing the
capacity of the resource. TP4’s resource finding procedure
had to be extended with several new patterns to correctly
identify resources in the umts competition domain.

TP4 requires consumable resources to be decreasing, i.e.
actions may only consume (not produce) them5. It also does
not allow a resource to be used both as a reusable and a
consumable. Among the competition domains involving re-
sources, only the settlers domain failed to meet these
restrictions.

TP4/HSP 78 Planning Algorithm
TP4 searches for plans using temporal regression, i.e.
backchaining from the problem goals over actions that are
positioned in time so that they form a schedule, not just a se-
quence. The search is done using IDA*, including standard
enhancements such as cycle checking and a bounded trans-
position table, and guided by an admissible heuristic, which
is derived from the problem specification. The planner is
described in more detail in (Haslum & Geffner 2001).

HSP
�� is very similar: the only difference is that it invests

more time in computing a more accurate heuristic before the
search. It does so by solving a relaxed version of the prob-
lem and recording information discovered in the search. TP4
computes the 9;: heuristic (which assigns an estimated cost
to all possible sets of at most < subgoals, see Haslum and
Geffner (2001) for the definition of 9>= , for 1?�A@B(DC�CDC ).
HSP

�� does likewise, but improves on this by computing part
of the 9;E heuristic (assigning a better estimated cost to some
sets of F or fewer subgoals) by searching the AND/OR graph
corresponding to the definition of the 9>E . The details are
described in a forthcomming paper6.

In the competition domains, TP4 and HSP
�� showed lit-

tle difference in performance, with two exceptions: in the
umts domain, HSP

�� did a little better than TP4, while in the
airport domain, it was much worse.

New Trix
Apart from the already mentioned extension to the resource
finding procedure, TP4 learned two new tricks during the
competition7:

4TP4 also allows actions to use atoms as unary reusable re-
sources, identified by a similar pattern.

5If both consumption and production of the same resource are
allowed, and actions may test if a resource is depleted (without
changing it), the planning problem becomes undecidable (Helmert
2002). Whether this is the case also when such “resource tests” are
disallowed is not completely clear.

6Submitted to ECAI.
7Again, the same applies to HSP

�� .

Irrelevance Detection
Detection (by standard reverse unreachability) and removal
of irrelevant atoms and actions helped speed up the planner
on some problems in the airport domain, but was used
for all domains since the time overhead for this analysis is
quite small.

Two-Stage Optimization
When using IDA* with temporal regression, the cost bound
tends to increase by the gcd (greatest common divisor) of
action durations in each iteration, except for the first few it-
eration8. In the satellite domain, durations differ by
large amounts and are also specified with a high resolution
(e.g. one action may have a duration of G�C H�I and another a
duration of @�<B<�C �BF ) which means the gcd is very small (on
the order of JJ.KLK ). Combined with the fact that the differ-
ence between the initial heuristic estimate of the solution
cost (makespan) of a problem and the actual optimal cost is
in this domain often large, this results in an almost astro-
nomical number of IDA* iterations being necessary to find
the optimal solution.

To counter this problem, the following “two-stage opti-
mization” scheme was introduced:

1. First, all action durations are rounded up to the nearest
integer.

2. Then, the resulting problem is solved using the standard
TP4 method. The cost (makespan) of the solution is an
upper bound on the optimal solution cost of the original
problem.

3. Finally, action durations are restored to their original val-
ues, and a branch-and-bound search, starting from the
known upper bound, is used to find the optimal solution.

The solution found in step 2 is always a valid solution
to the original unmodified problem9. The solution cost
(makespan), however, may be greater than the optimal so-
lution cost for the unmodified problem. Thus it is an upper
bound. The branch-and-bound search in step 3 is carried
out on the unmodified problem (with the original, fractional,
action durations), so the final solution found in this search
is the optimal solution to the original problem. Thus, two-
stage optimization does not compromise the optimality of
the planner overall.

Rounding action durations up to integer values increases
their gcd to at least @ (a substantial improvement from JJMKLK ),

8TP4 treats action durations as rationals: by the gcd of two ra-
tionals N and O is meant the greatest rational P such that NRQTSUP
and O;QWVXP for integers S and V . Note that the planner does
not compute the gcd of action durations and use this to increment
the cost bound. The bound is in each iteration increased to the
cost of the least costly node that was not expanded due to having a
cost above the bound in the previous iteration (i.e. standard IDA*).
That this frequently happens to be (on the order of) the gcd of ac-
tion durations is an (undesirable) effect of the branching rule used
to generate the search space.

9This fact is due to the semantics that TP4 ascribes to durative
actions. It does not hold for arbitrary problems interpreted accord-
ing to the PDDL2.1 semantics.
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