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Abstract

Practically all of the planning research is limited to states
represented in terms of Boolean and numeric state variables.
Many practical problems, for example, planning inside com-
plex software systems, require far more complex data types,
and even real-world planning in many cases requires concepts
such as sets of objects, which are not convenient to express in
modeling languages with scalar types only.

In this work, we investigate a modeling language for com-
plex software systems, which supports complex data types
such as sets, arrays, records, and unions. We give a reduction
of a broad range of complex data types and their operations
to Boolean logic, and then map this representation further to
PDDL to be used with domain-independent PDDL planners.
We evaluate the practicality of this approach, and provide so-
lutions to some of the issues that arise in the PDDL transla-
tion.

Introduction

PDDL is the leading specification language used by the
Al planning community in expressing (classical) planning
problems and solving them by domain-independent plan-
ners. Most of the planners for the classical planning prob-
lem (with a unique initial state and actions that are deter-
ministic) implement Boolean state variables only. Some ad-
ditionally support numerical state variables, integers or re-
als. While this is theoretically sufficient to express a broad
class of complex planning problems, the practical limits of
PDDL are sometimes encountered. This is particularly evi-
dent when PDDL specification are not written by hand, and
need to be generated by programs written in conventional
programming languages. There are numerous examples of
this both in standard PDDL benchmark problem sets as well
as in the planning literature. PDDL is in these cases used an
intermediate language to interface with domain-dependent
planners.

The idea of more powerful specification language, allow-
ing the easier expression of complex planning problems, and
to reduce the need for ad hoc problem generators, is not new.
A prominent example is Functional STRIPS (Geffner 2000).
If PDDL’s predicates P(t1,...,t,) are viewed as arrays as
in programming languages, PDDL limits to arrays indexed
by object names or by actions’ parameter variables only, and
only Boolean values as elements. Functional STRIPS goes

further, allowing more complex array indexing, including
with object-valued expressions and nesting of array index-
ing. Specifications in this kind of language can often outper-
form PDDL in elegance and succinctness.

The goal of this work is, similarly to Functional STRIPS,
to increase the expressivity of specification languages. We
believe that a planning specification language should sup-
port a broad collection of different data types, including
scalars like Booleans, numeric types, and enumerated types,
as well as compound types such as records, unions, arrays,
sets and lists. This has been motivated by our work on using
existing planning technology in the creation of intelligent
software systems, which handle complex structured and re-
lational data, as found in almost any software application.

In this work, we will first present an expressive language
that supports several complex data types, and then we will
give reductions of that language to an intermediate Boolean
representation. This representation can be used as a basis of
implementations in different types of intermediate and lower
level modeling languages.

As an obvious language to reduce the Booleanized repre-
sentation to is PDDL (Ghallab et al. 1998), due to the ex-
istence of dozens of implementations of PDDL in scalable,
robust planners. The front-end of our planning system uses
the extended specification language that supports complex
datatypes. The expressions in this language, and the actions
based on them, are reduced to a purely Boolean representa-
tion. The final step is the generation of PDDL, so that exist-
ing planners can be used for finding plans.

Intuitively it is clear that reducing complex data types to
PDDL is possible, but it is not clear how practical those re-
ductions are, and how efficiently existing planners for PDDL
can solve the resulting PDDL specifications. Many existing
planners support a large fragment of PDDL, but may trans-
late some parts of PDDL representations to specific nor-
mal forms, and these normal form translations may increase
the size of the representations. For instance, planner back-
ends may require actions’ preconditions to be conjunctions
of (positive) literals. For this reason, to support many state-
of-the-art planners better, we develop techniques to further
process the PDDL to forms that are better digestible by ex-
isting planners.

In the experimental part of the work, we try out the result-
ing planner front-end with different state-of-the-art PDDL



Notation Data type

bool Boolean

n..m bounded integer

{c1,...,¢n} enumerated type with items
Cly...,Cp

{t} set of elements of type ¢

ty{ti} associative array with index

type of t; and value type of ¢,
n-tuple with elements of types
ty.. tn

y fn i tn} record with n fields

union with n components

Gy

{flitl,...

[ug €1, ..y up @ty

Table 1: Data types

planners as back-ends. We demonstrate their ability to solve
complex problems that would be tedious and unintuitive to
express in PDDL.

The experiments help identify bottle-necks in existing
planners, which could aid in developing existing planning
technology to better handle more complex problem specifi-
cations.

Target Planning Model

We define a planning problem by a quadruple of P =
WV, s0, g, Ay, where V is the set of state variables, sg defines
the initial state by specifying the values of all state variables
in V, g is a Boolean formula describing the set of goal states
(i.e., a state s is a goal state iff ¢ holds in s), and .A denotes
the set of actions. An action a € A is defined by a triple
of a = {args,, preq, eff o). args, specifies the parameters of
the action. A parameter is a variable defined in the scope of
the action. pre, is the precondition of the action, which is a
Boolean formula specifying the applicability of the action in
a state. eff, is a set of conditional assignments defining how
a state will be modified after applying the action. A condi-
tional assignment is a pair {cond, r := e), where cond is a
Boolean formula defining the condition and r := e is the as-
signment that assign the value of e to the reference variable
r after executing action a if the condition cond holds.
Theoretically, variables of V' could be of any type, but in
this work we limit to Boolean state variables, which is the
most commonly used type in planners that support PDDL.

Extended Language

The goal of our extended language is to support more com-
plex data types and standard operations on them. The data
types we are covering are described in Table 1.

Using standard operations over the variables of these data
types makes it possible to compactly formulate arbitrary
nested expressions to define complex actions and goal con-
dition. The operations we support in the extended language
are listed in Table 2.

The intermediate representations of values of all sup-
ported data types are listed in Table 3 (the dom(¢) function
used in this table is defined in Table 7). Expressions that rep-
resent values of these data types have the same structure, ex-

Data type Operations

Boolean ALV

bounded integer +,—, X, -+, <, <, =,#,>=>,>
enum =

set €,S,U,N,\

array index access

tuple element access

record field access

union component access

Table 2: Supported operations for each data type

Data type Representation

bool Boolean variable

n..m vector of m — n + 1 Boolean variables
{c1,...,¢cn}  vector of n Boolean variables
{t1,...,tny n-tuple of representations of ¢1,. .., ¢,
{t} vector of dom(¢) Boolean variables
to{tx} vector of dom(t,) representations of ¢,

Table 3: Representation of values

cept that what is the atomic part of the representation will be
replaced by general propositional formula. For example, the
Booleanized representation of numeric expressions of type
n..m is as m — n + 1 element vectors of propositional for-
mulas.

Reduction to Boolean Representation

Although versions of PDDL support numeric and object flu-
ents (Kovacs 2011) (which are similar to integer and enu-
merated data types), the lack of widespread support of these
features by planners made us choose the version of PDDL
as our target language that only supports Boolean state vari-
ables. Consequently, having only Boolean state variables
means we need to represent state variables of different data
types with Boolean variables and translate all of their ex-
pressions into Boolean formulas.

Scalar Data Types

Representation of Boolean state variables as individual
Boolean variables is trivial. Other variables need to be rep-
resented by collections of Booleans. Here we only consider
a unary representation for bounded integers and Enums. In
other words, we represent a bounded integer n..m as a vector
of m —n+ 1 Boolean variables; also, an Enum type variable
with n possible values can be represented by n Boolean vari-
ables. In either of these two examples, exactly one Boolean
variable in the collection should be true at a time. A more
compact representation would encode an integer value with
the more standard representation with only a logarithmic
number of bits.!

IThis latter representation would, in some cases, be preferable.
However, experience with constraint-solving shows that the unary
representation can be more efficient when the value range is nar-
row.



Notation Explanation Example

c constant value 3

v variable

e expression (v1 add 2) eq vo
0] Boolean formula (T A v1) v vy
[e]’ semantic of e, and [y add 2]*7

e is value of type ¢
{e1y...,en)
picking the i-th
element (i.e., e;)
size of the

tuple (i.e., n)

<€i>?= 1

(e1y. . eny.i

[{e1,y. . eny]

Table 4: Notational conventions

More generally, we translate a value of a scalar type with
a collection of Boolean formulas. For example, we translate
a value of a bounded integer n..m to m —n + 1 Boolean for-
mulas; each one of those formulas represents the truth value
of the corresponding integer value. The translation of scalar
expressions is shown in Table 5. We have adopted the nota-
tional conventions described in Table 4 to define the transla-
tions.

To prevent overflow in the arithmetic operations, we al-
ways cast the type of the result value to a bounded inte-
ger with the minimum range that covers all possible val-
ues. For example, if we have a value v; of type n;..m; and
another value v of type ns..mo, then the type of expres-
sion v; add v2 will be n..m, such that n = n; + ny and
m = mi + Mms.

Records and Unions

Tuples are similar to records in that they consist of multiple
fields of possibly different types. Tuples are ordered, and
the fields are numbered as 1,2,..., where record fields have
alphanumeric names and are not a priori ordered. Records
can be trivially reduced to tuples by ordering the fields, e.g.,
lexicographically, and viewing n-field record as an n-tuple.
A program variable of a union type can have alterna-
tive values of different types. For example, the values of a
variable of type mailing address could be alternatively an
email address (of type string) or a physical address consist-
ing of multiple fields such as a street name, city, zip code,
and country. A union type can similarly be represented as
a tuple by representing the fag (e.g., emailAddress and
physicalAddress in our example) in the first compo-
nent of the tuple, and then the remaining components repre-
senting the alternative values for each tag. For example, the
second component could be the string for the email address,
and the third component could be a tuple for all of the phys-
ical address fields. Often the alternative types share compo-
nents of the same type. For example, both the email address
and the street name are strings, so one field could be used
to store values belonging to different tags. This helps reduce
the number of bits needed to store the alternative values.
From now on, we assume that record and union types have
been reduced to tuples. We do this for the simplicity of pre-

Expression = Translation
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Table 5: Translation of scalar expressions



sentation, but this would also be a good strategy for imple-
menting these types.

Notice that recursive data types, with a field of a record
or a union type pointing to another value of the same type,
could not be handled by this reduction without rather strict
additional restrictions, due to there being no size bounds of
values of recursive data types. Typical data structures rep-
resented as recursive data types are different types of trees.
For lists, another data structure involving recursion, could
be given a natural Booleanized representation if limited to
bounded size lists.

Arrays, Sets, and Tuples

Complex data types such as arrays, sets, and tuples are con-
tainers to store a collection of elements. Each of those con-
tainers has special properties; arrays map the elements of
one set to another. Sets support set-theoretic operations over
its elements. Tuples stores elements of different types.

Above, we represented scalar values with a collection of
Boolean formulas. We can extend this definition to recur-
sively represent the values of our complex data types. In
other words, we can represent arrays, sets, and tuples by a
collection of elements, such that each one of those elements
is a collection of other elements (Table 6). By this definition,
we can represent complex expressions with tree-like struc-
tures in which the leaves are Boolean formulas.

Example 1 The representation of a variable v of the type
{0..1,{0..2}>{0..1} is:

<0..1,{0..2}){0..1}
[v]
_ <[[Uoﬂ<0"1’{0”2}> ’ HU1H<0..1,{0..2}>>

<[[U01ﬂ0"1 ’ [UozﬂbOOl{o"2}> ’
<[[v11ﬂ0.i1 ’ [Ulzﬂbool{o..2}>

<U010,U011>, H:UOQl

H:’U120 ]] bool

<U110)U111>7 H:Ulzl]]bOOl 5
H:’U122:Hb00l

= <<<1}010 ’ UOH > ’ <U020 ’ U021 ’ U022 >> ’>

)

<<1}110 ’ U111 > ’ <U120 ’ U121 ’ U122 >>

The most complicated part of the translation in Table 6
is array indexing, in which we select an element of the array
that is associated with the index. To translate this expression,
we construct a result value with the same form as the array
elements; to fill the content of each component of this value,
we iterate over the same component of the array elements to
find the value of the matching index. To implement this idea,
we define two helper functions in Table 7.

Expression Translation

e (Y,
[[Uﬂtv{tk} _ <[[vi]]t“ >Ld=011ﬂ(tk)|

{t} _ bool{t}
H’U]l t; _ [[U]]tl XXty -
[e.i] = [e] )
fea] ™

[e1le2]]" = fix <[[e2 eqcz')]]bwlyl ’

where  dom(ty) = {¢;);,

[[61 e e2ﬂbool — [62[61]]]b00l
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bool _‘[[61]] NAY
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[ea]t
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H€1U62ﬂ{t} _ [ex ]t iv
le2]™ i /.
[ea] ™
{t} .
[[61 N GQH{t} = [[elﬂ{t} i
[[62] A i1
Tea]
{ty .
[el\egﬂ{t} = [[ﬁﬂ{t} Z/\>
—le] i/,

( bool bool

[ex]™ < [e2]™,

if e; and eq are of type bool
bool

[e1 eq e2] =

A

|[[e/l\ﬂt‘ ([elﬂt i eq [ea]’ z) 7

=1

if ¢ is not a scalar type

Table 6: Translation of complex data type expressions



Function Definition
dom(bool) = (L, T
dom(n..m) - Gn,
dom({el,.. sen}) = {ei)i_y
dom(<t17"'7tn>) = <<Cl>z 1>cledom (t1),
(nedom(tn)
dom(t, {ty}) — dom (¢)ep )
dom({t}) = dom(bool{t})
bool
fix <Heiﬂ >L:1’ " [eiﬂbool A¢i
[fer) = e
n LA [Tw]®|
fix <[[eiﬂ >i:17 = ( fix <[[eiﬂ ']>i:17
(Bi)ie (Piviy .

Table 7: Helper function definitions

Example 2 Suppose v is the variable of Example 1 (a vari-
able of type 0..1,{0..2}){0..1}), and vy, is a variable of
type 0..1. the translation of v[vg] is:

[[/U[/Uk.:lﬂ<0..l,{0..2}>

[[ ]]<0 .1 {0 2}>{O 1}
<[[vk eq 0] [[vk eq lﬂb°°l>

y <[[v]<0“1*{0"2}>{0"1} )
= fix s

<U/€0 ) Uk1>

< <[ p]O-10-2D00-1) )>

<vkoavk1> i=1
- < (H P01 10-2D10-) )> 2
a <Ukoavk1> i=1/ =1

ts 2 2
(s
<'ng,'Uk1> k=1 i=1/ j=1
[ KNG
= {{on, rm) v o, 2wy
J

Where t, = 0..1 and ty = {0..2}.

1

Reduction to PDDL

So far, we have described an abstract modeling language
with complex data types; then, we devised a concrete mod-
eling language based on this abstract syntax to be used as a
front-end of a planning system.

A natural way to implement the back-end of the plan-
ner is to map the abstract syntax further to an existing

intermediate-level modeling language such as PDDL, that
already has several scalable and robust implementations.
This is what we do next.

Using the bottom-up fashion, we first explain how we
construct the fundamental components of the PDDL.: the pa-
rameters of actions, conditions, and actions’ effects. Since
their integration into top-level components (actions, initial
state, and the goal condition) is trivial, we skip explaining it;
but we discuss the challenges we face, and we will provide
a solution for them.

Action Parameters

As PDDL only supports parameterization of actions with
object-valued parameters, action parameters for the ex-
tended language need to be reduced to something simpler.
We use the same approach described above to represent ac-
tion parameters with collections of Boolean variables.

Example 3 Suppose an action in the extended language has
a parameter v of type €0..1,{0..2}>{0..1}, which is repre-
sented by the following structure of Boolean variables (Ex-
ample 1):

<<U010 » U0y, > ’ <U020 1 V02, 5 V0, >> ’
<<U110 ) Ulll > ) <U120 9 U121 ) ’0122 >>

We decompose this structure to the following set of
Boolean variables to determine the parameters of corre-
sponding PDDL action.

{U010 V01, 5 V02 V02, 5 V02, s V11 U1y, 5 Vlgy s Vg, 5 Vly, }

Conditions and Handling Disjunctions

Like PDDL, the conditions (actions’ preconditions, effects’
conditions, and goal conditions) in our planning model are
expressed by Boolean formulas. However, Most planners do
not intrinsically support disjunctions. They compile away
disjunctions by converting Boolean formulas into their dis-
junctive normal form (DNF) and splitting their surrounding
structures (i.e., actions or effects) into multiple instances
based on conjunctive terms of the DNF (Helmert 2009).
However, due to the exponential growth of the formula size
in DNF conversion, this approach is often not feasible for
the Boolean formulas generated by our translation.

Nebel (2000) has shown that general Boolean formu-
las in conditions cannot be reduced to conjunctions of lit-
erals without adding auxiliary actions, and the number of
auxiliary actions in the plans necessarily increases super-
linearly. Nebel, however, sketches reductions that increase
plan length only polynomially. We use this type of reduction
in our planner front-end.

More specifically, for each action a, we eliminate its dis-
junctions in multiple rounds; in round ¢, we replace each
subformula of the form ¢ = ¢ v --- v ¥, by w; such
that 9;,1 < j < n, contains no disjunction. After m
rounds that all disjunctions have been eliminated, we cre-
ate m auxiliary actions bf,...,b% to maintain the values
of our auxiliary variables. For each w;, we add the set of

{Wj,wy =T) | 1 <

j < n} to the effects of the action



b%; moreover, we add (T, wé := 1) to the effects of action
a, and initialize all auxiliary variables with the value of | in
the initial state.

It is also possible that ¢;,1 < j < n, be a parameter
of the action a. In this case, we move the parameter from
action a to the auxiliary action b{, and add a state vari-
able v¥7 to the problem. Then, we replace ); by v¥i in
bi+1,...,bm, and a, and to make everything consistent, we
add {(1p;, 0¥ 1= T),{(—=1h;,v¥i := L)} to the effects of b?.

Finally, we enforce the sequence of bf, ..., b to be exe-
cuted before the execution of action a, by introducing vari-
ables of po, p¢,1 <7 < n, and:

* adding pg and {{(T,po := L),{T,p§ := T)} to the pre-
condition and effects of b{, respectively,

e adding p¢? | and {{T,p¢_; := L), {T,p¢ := T)} to the
precondition and effects of b, 2 < i < n, respectively,

¢ adding p? and {(T,p® := L), {T,pg := T)} to the pre-
condition and effects of action a, respectively, and

* initializing pp with T and p¢,1 < ¢ < n, with L in the
initial state.

Assignments

In our planning model, the actions’ effects are described by
a set of conditional assignments, which are pairs of the form
{cond, r := €). Since the structures of both [r]" and [e]"
are the same, to reduce these assignments to Boolean as-
signments suitable for PDDL, we can just find the Boolean
variables in [[r]}t and their corresponding Boolean formula in
[[eﬂt, and create conditional Boolean assignments based on
them. This procedure is straightforward, except when array
indexing is used to specify the reference variables. Using the
array indexing feature, we can refer to different elements of
an array; the element is determined based on the values of
other variables specified by the index expression. Therefore,
different Boolean variables may be selected when we have
different values for the variables.

To translate the conditional assignment {cond,r := e),
first, we find the set of pairs of ([v]", @) for the reference
expression r, such that [[vﬂt is a reference variable with the
same structure as [[e]t, and ¢ is a Boolean formula shows
the condition under which r indicates v (Table 8). Then,
we can perform the procedure described before. More pre-
cisely, for each Boolean variable v;, in [v]’, we can find
the corresponding element e, in [[e]}t, and create a condi-
tional Boolean assignment {cond A ¢, v, := e;). Moreover,
since PDDL only supports T and L as the assignment val-
ues (add effects and delete effects), we further reduce it to
{cond N ¢ A ep,vp := Tyand {cond A ¢ A —ep,vp := L).

Action Splitting

Most PDDL planners are based on grounding: going through
all possible combinations of parameter values and creating
one non-parametric action for each combination. With com-
plex data type parameters, grounding becomes quickly in-
feasible due to the high number of parameter value combi-
nations. For example, an action with a set-valued parameter,

Expression Definition
o]t {1 ™}
il = ) ) [l @) e T

where, t={t1,...,tn)

(ol é) €[]t
. 1 < < |dom(ty)],
{[v]™ i,9)| ¢; = dom(t},).1, :

bool

"[rlell*

where, t = t,{ty}

Table 8: Finding reference variables from reference expres-
sions

# LAMA FDSS MpC FF

Rubik 20 8 17 11 10
Buckets 30 3 3 10 30
Scrabble 11 8 8 3 1

Sudokugeatar 46 3 8 19 4

Sudokuray 19 25 46 16
TruckSscatar 64 34 35 45 48
Trucksge 42 38 16 38

Table 9: Results of experiments

with values from a set with only 20 elements, would have
over one million ground instances. With 30 elements, this
would be one billion.

In the disjunction elimination part, we described the idea
of moving one parameter to one of its auxiliary actions,
which might mitigate the issue described here by partition-
ing the parameters to the auxiliary action’s parameters. Still,
since there is no guarantee that it solves our issue entirely,
or the issue might transfer from the action to its auxiliary
actions, we need to solve this another way.

To approach this issue, for each action a, we partition
its parameters into £ sets with at most m elements. Then,
we create sub-actions c{, ..., cg and move the partitioned
parameters to their corresponding sub-action, precisely the
same way as we described in disjunction elimination. Fur-
thermore, we can transfer the precondition of action a to c{,
to improve the search by preventing choosing parameter val-
ues for inapplicable actions. It is worth mentioning that be-
cause we have already eliminated disjunctions, we can elim-
inate all parameters existing in the precondition from action
a by replacing them with T.

This is similar to the action splitting done by (Areces et al.
2014) in order to be able to ground actions with a very high
number of parameter combinations.



Experiments

We pursued two goals in our experiments. The first goal was
to evaluate the practicality of the proposed method to trans-
late problems with complex data types into the most com-
mon version of PDDL that supports only Boolean variables.
Moreover, our second and more specific goal was to eval-
uate the effectiveness and improvement of using complex
data types compared to the cases that we can also describe
our problems with scalar type values without too much dif-
ficulty.

For the first goal, we designed some new domains that
are difficult to express with only scalar type values. These
domains are: the Rubik’s cube, the Buckets problems, and
the Scrabble game. To describe the Rubik’s cube, we need
to define a three-dimensional (3D) array; its actions trans-
form this 3D array. The Buckets problem is a famous nu-
meric problem in which we have two buckets; we can fill up,
empty, or pour water from one bucket to the other bucket as
much as possible. Our goal is to reach a state that a bucket
has a certain amount of water. Since our translation support
bounded-range integers, we consider this problem to eval-
uate that feature. Finally, the Scrabble game, which is the
most complicated problem, is a game to fill a board (which
is a two-dimensional array) with some tiles of alphabets.
In each action, a subsequent of alphabets should be chosen
such that by putting them on the board, it forms a word in
the dictionary. A word is an array of alphabets, and the dic-
tionary is a set of arrays of alphabets.

The experiments are on a number of older and newer
planners, including FF (Hoffmann and Nebel 2001), LAMA
(Richter and Westphal 2010), MpC (Rintanen 2012), and
FDSS (Seipp et al. 2015). We ran the planners with a 30
minute time limit, and report the number of solved instances
for each planner in Table 9.

Our experimental results showed that the two domains of
the Rubik’s cube and the Buckets problem could be solved
reasonably well by well-known PDDL planners. However,
planners have some difficulty in solving the challenging do-
main of Scrabble, which means there exist plenty of poten-
tial research opportunities in this area.

To better evaluate the effects of using complex data types,
we conducted other experiments to compare the perfor-
mance of solving identical problems in two cases: in one
case, we use complex data types, and in another case, we use
only scalar data types to describe the same problem. In most
existing domains, manipulating complex data types is not
reasonable; scalar values provide a more simple and straight-
forward problem definition. On the other hand, complex data
types add only complications to the problem because their
operations affect a large number of elements, which makes
the reasoning more challenging. However, if the intrinsic na-
ture of a problem requires complex data types, using them to
describe the problem might improve the performance.

Here, we examined two domains: Sudoku and the Trucks.
In the Sudoku problem, the goal is to fill up a 9 x 9 board
such that each digit between 1 and 9 exists in exactly one
cell, in every row, column, and the 3 x 3 subgrids. We com-
pared two versions of this problem; in the first version, all
the board is filled at once by using array data type. In the

second version, we fill the board cell-by-cell.

The second domain is the slightly modified version of the
Trucks domain, used in IPC 2006. In this domain, a truck
should deliver some packages to some location by loading
them from other locations and transferring them to their des-
tinations. However, there are also some time constraints that
specify the latest arrival time of the packages. In our version,
the truck can load a set of packages at once, so we no longer
have the spatial constraints of the original domain. However,
we enforce the capacity constraints in another way, such that
the truck could not load all packages at once.

The results show that using the array data type in the Su-
doku domain significantly improves the performance com-
pared to the version with only scalar values. This is mainly
because in the former version the action specifies all the re-
quired constraints at the begining, compared to the latter ver-
sion that dead-end nodes will be determined after perform-
ing some actions.

Although in the Trucks domain, some planners performed
slightly better in the version with the set data type, the re-
sults show that Madagascar’s performance has been consid-
erably worsen in this version. This is because Madagascar
often critically relies on the possibility of performing mul-
tiple actions in parallel, and this is not allowed by the way
our auxiliary actions for parameterization and elimination of
disjunctions are constructed.

Conclusion

We have proposed a very expressive modeling language
for planning, with a rich collection of data types, and de-
vised a translation of this language first to Boolean logic,
and then further to the Planning Domain Description Lan-
guage PDDL. We have formalized in our modeling language
a number of planning problems which would be clumsy to
write in PDDL directly, and shown that they can be solved
with off-the-shelf domain-independent planners for PDDL.

We also demonstrated, very surprisingly, that in one case
a handcrafted PDDL formalization is solved by PDDL plan-
ners less efficiently than the generated PDDL formalization
produced automatically from our higher-level formalization.

Although adapting some well-known planning techniques
to more expressive modeling languages is often a challenge,
the potential of the compact problem representations has
been recognized and it has already led to successes, for
example in the case of Functional STRIPS (Frances and
Geffner 2016). Important part of future work is investigat-
ing the powerful search methods that directly work on the
more expressive language, rather than going through a less
powerful intermediate language such as PDDL, as we have
done in this work.
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