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Abstract

Recently model checking representation and search techniques were shown
to be efliciently applicable to planning, in particular to non-deterministic
planning. Such planning approaches use Ordered Binary Decision Diagrams
(0BDDs) to encode a planning domain as a non-deterministic finite automa-
ton (NFA) and then apply fast algorithms from model checking to search
for a solution. 0BDDs can effectively scale and can provide universal plans
for complex planning domains. This thesis presents UMOP!, a new uni-
versal OBDD-based planning framework for non-deterministic, multi-agent
domains, which is also applicable to deterministic single-agent domains as
a special case. A new planning domain description language, NADL?, is
introduced to specify non-deterministic, multi-agent domains. The lan-
guage contributes the explicit definition of controllable agents and uncon-
trollable environment agents. The syntax and semantics of NADL is de-
scribed, and it is shown how to build an efficient oBDD-based representa-
tion of an NADL description. The umoP planning system uses NADL and
different OBDD-based universal planning algorithms. It includes the previ-
ously developed strong and strong cyclic planning algorithms (Cimatti et al.,
1998a, 1998b). In addition, a new optimistic planning algorithm is intro-
duced, which relaxes optimality guarantees and generates plausible universal
plans in some domains where no strong or strong cyclic solution exist. Em-
pirical results are presented from domains ranging from deterministic and
single-agent with no environment actions to non-deterministic and multi-
agent with complex environment actions. UMOP is shown to be a rich and
efficient planning system.

'umopP stands for Universal Multi-agent OBDD-based Planner.
2 NADL stands for Non-deterministic Agent Domain Language.
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1 Introduction

Classical planning is a broad area of research which involves the automatic
generation of the appropriate choices of actions to traverse a state space to
achieve specific goal states. A variety of different algorithms have been de-
veloped to address the state-action representation and the search for action
selection.

Traditionally these algorithms have been classified according to their
search space representation as either state-space planners (e.g., PRODIGY,
Veloso et al., 1995) or plan-space planners (e.g., ucPoP, Penberthy & Weld,
1992).

A new research trend has been to develop new encodings of planning
problems in order to adopt eflicient algorithms from other research ar-
eas, leading to significant developments in planning algorithms, as sur-
veyed by Weld (1999). This class of planning algorithms includes GRAPH-
PLAN (Blum & Furst, 1995), which uses a flow-graph encoding to constrain
the search and saTpLAN (Kautz & Selman, 1996), which encodes the plan-
ning problem as a satisfiability problem and uses fast model satisfaction
algorithms to find a solution.

Recently, another new planner MBP (Cimatti et al., 1997) was introduced
that encodes a planning domain as a non-deterministic finite automaton
(NFA) represented by an Ordered Binary Decision Diagram (0BDD) (Bryant,
1986). In contrast to the previous algorithms, MBP effectively extends to
non-deterministic domains producing universal plans as robust solutions.
Due to the scalability of the underlying model checking representation and
search techniques, it can be shown to be a very efficient universal plan-
ner (Cimatti et al., 1998a, 1998b).

A universal plan is a set of state-action rules that aim at covering the
possible multiple situations in the non-deterministic environment. A univer-
sal plan is executed by interleaving the selection of an action in the plan and
observing the resulting effects in the world. Universal planning resembles
the outcome of reinforcement learning (Sutton & G., 1998), in that the state-
action model captures the uncertainty of the world. Universal planning is a
precursor approach®, where all planning is done prior to execution, building
upon the assumption that a non-deterministic model can be acquired, and
leading therefore to a sound and complete planning approach.

*The term precursor originates from Dean et al. (1995) in contrast to recurrent ap-
proaches which replan to recover from execution failures.



However, universal planning has been criticized (e.g., Ginsberg, 1989),
due to a potential exponential growth of the universal plan size with the
number of propositions defining a domain state. An important contribution
of MBP is thus the use of OBDDs to represent universal plans. In the worst
case, this representation may also grow exponential with the number of
domain propositions, but because OBDDs are very compact representations
of boolean functions, this is often not the case for domains with a regular
structure (Cimatti et al., 1998a). Therefore, 0BDD-based planning seems to
be a promising approach to universal planning.

An interesting problem is to extend the oBDD-based planning approach
to multi-agent, non-deterministic domains, where the environment is explic-
itly modelleds. The goal of this thesis is to defi ea e do ai des i tio
la g age s ita le fo  odelli gs hdo ai sa di le e ta OBDD ased

tesal la i gs ste fo soli g la i g ole sdefi edi thisla
g age

The developed planner is called umoP (UMOP stands for Universal Multi-
agent OBDD-based Planner.). The overall approach for designing uMOP is
similar to the approach introduced by Cimatti et al. (1998a, 1998b). The
main contribution is the domain description language, NADL (NADL stands
for Non-deterministic Agent Domain Language.). NADL has more resem-
blance with previous planning languages than the action description lan-
guage AR currently used by MBP. It has powerful action descriptions that
can perform arithmetic operations on numerical domain variables. Domains
comprised of synchronized agents can be modelled by introducing concurrent
actions based on a multi-agent decomposition of the domain.

In addition, NADL introduces a separate and explicit environment model
defined as a set of o t olla le agents, i.e., agents whose actions cannot
be a part of the generated plan. NADL has been carefully designed to allow
for efficient oBDD-encoding. Thus, in contrast to MBP, UMOP can generate
a partitioned transition relation representation of the NFA, which is known
from model checking to scale up well (Burch et al., 1991 Ranjan et al.,
1995). Empirical experiments suggest that this is also the case for umop.

Uwmor includes the previously developed algorithms for 0BDD-based uni-
versal planning. In addition, a new optimistic planning algorithm is intro-
duced, which relaxes optimality guarantees and generates plausible universal
plans in some domains, where no solution can be found by the previous al-
gorithms.

The thesis is organized as follows. Section 2 gives an introduction to clas-
sical Artificial Intelligence planning (Al planning). It may be skipped by



readers already familiar with the subject. Section 3 gives a brief overview of
0BDDs. Section 4 introduces NADL, shows how to encode a planning prob-
lem, and formally describes the syntax and semantics of this description
language in terms of an NFA. The properties of the language are also dis-
cussed based on an example and arguments are given for the design choices.
Section 5 presents the 0BDD representation of NADL domain descriptions.
Section 6 describes the different algorithms that have been used for OBDD-
based planning and introduces the optimistic planning algorithm. Section 7
describes the implementation of UMOP and its facility for analyzing univer-
sal plans. Section 8 presents empirical results in several planning domains,
ranging from single-agent and deterministic ones to multi-agent and non-
deterministic ones. Section 9 discusses previous approaches to planning in
non-deterministic domains. Finally, Section 10 draws conclusions and dis-
cusses directions for future work.

Introduction to Classical AI Planning

This section gives a brief introduction to the basic concepts of Al planning
and presents two classical approaches. It may be skipped by readers already
familiar with the topic.

A planning problem consists of finding some ordering of actions that changes
the state of a domain from some initial state to some goal state. As an
example consider the problem of finding a plan to move a robot with actions

, , and from grid position (1 1) to (2 3). One solution is
the totally ordered plan ( ), but any ordering of the three actions
is a solution.

The input to a planning system is a specification of the initial and goal
state and a do ai theo . The domain theory defines the state space and
the actions of the domain and is a discrete representation of the target world,
where actions are modelled as transitions between states.

Classical planners use the sTRIPS language (Fikes & Nilsson, 1971), or
STRIPS inspired languages, to represent the domain theory. In the sTRIPS
language states are described in logic by conjunctions of function-free ground
literals. In the classical blocks world the initial state shown in Figure 1 could



be described by:

() ) )

A STRIPS action has three parts: A e o ditio that defines when the

Initial state Goal state

A
C B
B A C

Figure 1: A blocks world domain planning problem.

action is applicable, a set of atoms made true by the action (the add list)
and a set of actions made false by the action (the delete list). Only atoms
mentioned in the add and delete list are assumed to change truth value. An
action in the blocks world for stacking block onto block is shown below:

For the early approaches to planning (e.g. planning as theorem proving in
situation calculus) a major problem, known as the fa e o le , was how
to efficiently represent the unchanged knowledge by actions. It is STRIPS
implicit solution of the frame problem that is the main reason for its popu-
larity, as the amount of knowledge changed by an action normally is small
compared to the amount of unchanged knowledge.

A state s a e la e searches in the state space of a domain. A planner
starting from an initial state and applying actions successively until a goal
state is reached is called a og essio la e ora fo ad hat i g la
e . Often search trees with a lower branching factor can be obtained be
searching backward from the goal by applying actions that can achieve some
goal literal. Planners using this strategy are called eg essio la e sor
a ad hat i g la e s. Backward chaining planners only considering



orderings of subgoals are known as linear planners. Not all problems can

be solved using this strategy. Consider for example the planning problem

shown in Figure 1. Suppose a planner first achieves  ( ) by taking C

off A and putting A on B, it then cannot achieve the subgoal  ( ) with-

out undoing the action. A similar situation arises, if it starts with the goal
( ). The problem is known as the ss a a o al.

Planners able to interleave the plan steps from each subgoal in a way
that satisfies all subgoals are called o li ea la e s. A subset of these
planners can avoid having to totally order all steps in a plan. These planners
are known as a lial o de la e s.

A partial-order planner searches through the space of plans rather than the
space of states. The planner starts with a simple, incomplete plan, which
is modified until a complete plan is found that solves the problem. The
operators in this search are operators on plans: Adding an action, adding
an ordering constraint on actions, binding previously unbound variables etc..
The solution is a plan consisting of a partial-order of actions.

Partial-order planners are capable of solving the Sussman anomaly. A
solution showing causal and ordering links between actions is depicted in
Figure 2.

Introduction to S

An Ordered Binary Decision Diagram (Bryant, 1986) is a canonical represen-
tation of a boolean function with linear ordered arguments ; 5 ...

An OBDD is a rooted, directed acyclic graph with one or two terminal
nodes of out-degree zero labeled 1 or 0, and a set of variable nodes of out-
degree two. The two outgoing edges are given by the functions high( ) and
lo () (drawn as solid and dotted arrows). Each variable node is associated
with a propositional variable in the boolean function the OBDD represents.
The graph is ordered in the sense that all paths in the graph respect the
ordering of the variables.

An oBDD representing the function ( 1 2) 1 5 is shown in
Figure 3. Given an assignment of the arguments ; and 3, the value of
is determined by a path starting at the root node and iteratively following
the high edge, if the associated variable is true, and the low edge, if the
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Figure 2: The final plan generated by a partial-order planner for solving the
Sussman anomaly. Solid arrows denote causal links between actions (and
thus also ordering links) while dashed arrows denote ordering links.



assoclated variable is false. The value of is T e if the label of the reached
terminal node is 1 otherwise it is alse.

7

\“

0

Figure 3: An 0BDD representing the function ( 1 3) 1 2. High
(true) and low (false) edges are drawn solid and dotted, respectively.

An oBBD graph is reduced so that no two distinct nodes and have
the same variable name and low and high successors (Figure 4(a)), and no
variable node has identical low and high successors (Figure 4(b)).

u Vv u

(@ (b)

Figure 4: Reductions of 0BDDs. (a): nodes associated to the same variable
with equal low and high successors will be converted to a single node. (b):
nodes causing redundant tests on a variable, are eliminated.

The 0oBDD representation has two major advantages: First, it is an effi-
cient representation of boolean functions because the number of nodes often
is much smaller than the number of truth assignments of the variables.
The number of nodes can grow exponential with the number of variables,
but most commonly encountered functions have a reasonable representation
(Bryant, 1986). Second, any operation on two OBDDs, corresponding to a
boolean operation on the functions they represent, has a low complexity
bounded by the product of their node counts.

A disadvantage of 0BDDs is that the size of an OBDD representing some
function is very dependent on the ordering of the variables. To find an
optimal variable ordering is a co-NP-complete problem in itself, but fortu-
nately a good heuristic is to locate dependent variables near each other in



the ordering.

0BDDs have been successfully applied to model checking. In model check-
ing the behavior of a system is modelled by a finite state automaton with
a transition relation represented as an OBDD. Desirable properties of the
system is checked by analyzing the state space of the system by means of
OBDD manipulations.

As introduced by Cimatti et al. (1998a, 1998b), a similar approach can
be used for a non-deterministic planning problem. Given an NFA represen-
tation of the planning domain with the transition relation represented as
an OBDD, the algorithms used to verify CTL properties in model checking
(Clarke et al., 1986 McMillan, 1993) can be used to find a universal plan
solving the planning problem.

In this section, the properties of NADL are discussed based on an informal
definition of the language and a domain encoding example. The formal
syntax and semantics of NADL is then described.

An NADL domain description consists of: a definition of state a ia les,
a description of s ste and e io0 e tage ts, and a specification of an
¢t tial and goal o ditio s.

The set of state variable assignments defines the state space of the do-
main. An agent’s description is a set of a tio s. The agents change the state
of the world by performing actions, which are assumed to be executed syn-
chronously and to have a fixed and equal duration. At each step, all of the
agents perform exactly one action, and the resulting action tuple is a o¢ ¢
a tio . The system agents model the behavior of the agents controllable by
the planner, while the environment agents model the uncontrollable world.
A valid domain description requires that the system and environment agents
constrain a disjoint set of variables.

An action has three parts: a set of state a ia les, a e o ditio for-
mula, and an e e t formula. Intuitively the action takes responsibility of
constraining the values of the set of state variables in the next state. It
further has exclusive access to these variables during execution. In order for
the action to be applicable, the precondition formula must be satisfied in the
current state. The effect of the action is defined by the effect formula which
must be satisfied in the next state. To allow conditional effects, the effect
expression can refer to both current and next state variables, which need



to be a part of the set of variables of the action. All next state variables
not constrained by any action in a joint action maintain their value. Fur-
thermore only joint actions containing a set of actions with consistent effects
and a disjoint set of state variable sets are allowed. System and environment
agents must be independent in the sense that the two sets of variables, their
actions constrain, are disjoint.

The initial and goal conditions are formulas that must be satisfied in the
initial state and the final state, respectively.

There are two sources of non-determinism in NADL domains: non-deter-
minism caused by actions not restricting all their constrained variables to
a specific value in the next state, and non-determinism caused by a non-
deterministic selection of environment actions.

A simple example of an NADL domain description is shown in Figure 5 .
The domain describes a planning problem for Schoppers’ (1987) robot-baby
domain. The domain has two state variables: a numerical one, os, with
range 0 1 2 3 and a propositional one, o ot_ o s. Therobot is the only
system agent and it has two actions Lift lo and Lo e lo . The baby
is the only environment agent and it has one action i o0 ol. Because
each agent must perform exactly one action at each step, there are two joint
actions (Lift lo , it o ot)and (Lo e lo , it o ot).

Initially the robot is assumed to hold a block at position 0, and its task
is to lift it up to position 3. The Lift lo (and Lo e lo ) action has
a conditional effect described by an if-then-else operator: if o0 of_ o s is
true, Lift lo increases the block position with one, otherwise the block
position is unchanged. Initially o ol_ o s is assumed to be true, but it can
be made false by the baby. The baby’s action it o ofis non-deterministic,
as it only constrains o ot_ o s by the effect expression o0 ol_ o s

ool o s. Thus, when o ot_ o s is true in the current state, the
effect expression of it o ot does not apply, and o of_ o s can either be
true or false in the next state. On the other hand, if o of_ o s is false in
the current state, it o ot keeps it false in the next state. The i o0 ot
models an uncontrollable environment, in this case a baby, by its effects on

o ol_ o s.In the example above, 0 ot_ o s staysfalse when it, at some
point, has become false, reflecting that the robot cannot spontaneously be

fixed by a hit of the baby.

Un uoted and uoted variables refer to the current and next state respectivel . An-
other notation li e and 1 could have been used. e have chosen the uote notation
because it is the common notation in model chec ing.



Figure 5: An NADL domain description.

An NFA representing the domain is shown in Figure 6. The calculation
of the next state value of os in the Lift [o action shows that numerical
variables can be updated by an arithmetic expression on the current state
variables. The update expression of o0s and the use of the if-then-else
operator further demonstrate the advantage of using explicit references to
current state and next state variables in effect expressions. NADL does not
restrict the representation by enforcing a structure separating current state
and next state expressions. The if-then-else operator has been added to
support complex, conditional effects that often are efficiently and naturally
represented as a set of nested if-then-else operators.

The explicit representation of constrained state variables enables any
non-deterministic or deterministic effect of an action to be represented, as
the constrained variables can be assigned to any value in the next state that

10
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Figure 6: The NFA of the robot-baby domain (see Figure 5). There are
two state variables: a propositional state variable o of_ o s and a nu-
merical state variable os with range 0 1 2 3 . The (Lift lo , it o o)
and (Lo e lo , it o ot) joint actions are drawn with solid and dashed
arrows respectively. States marked with I and G are initial and goal
states.

satisfies the effect formula. It further turns out to have a clear intuitive
meaning as the action takes the responsibility of specifying the values of
the constrained variables in the next state.

Compared to the action description language A (Gelfond & Liftschitz,
1993) and AR (Giunchiglia et al., 1997) that are the only prior languages
used for 0BDD-based planning (Di Manzo et al., 1998 Cimatti et al., 1998a,
1998b, 1997), NADL introduces an explicit environment model, a multi-agent
decomposition and numerical state variables. It can further be shown that
NADL can be used to model any domain that can be modelled with AR (see
Appendix B).

The concurrent actions in NADL are assumed to be synchronously exe-
cuted and to have fixed and equal duration. A general representation al-
lowing partially overlapping actions and actions with different durations has
been avoided, as it requires more complex temporal planning (see e.g., O-
PLAN or PARCPLAN Currie & Tate, 1991 Lever & Richards, 1994). Our
joint action representation has more resemblance with A (Baral & Gel-
fond, 1997) and  (Giunchiglia & Lifschitz, 1998), where sets of actions are
performed at each time step. In contrast to these approaches, though, we
model multi-agent domains.

An important issue to address when introducing concurrent actions is
synergetic effects between simultaneously executing actions (Lingard & Richards,
1998). A common example of destructive synergetic effects is when two or

11



more actions require exclusive use of a single resource or when two actions
have inconsistent effects like os 3 and o0s 2. In NADL actions cannot
be performed concurrently if: 1) they have inconsistent effects, or 2) they
constrain an overlapping set of state variables. The first condition is due to
the fact that state knowledge is expressed in a monotonic logic which cannot
represent inconsistent knowledge. The second rule addresses the problem of
sharing resources. Consider for example two agents trying to drink the same
glass of water. If only the first rule defined interfering actions both agents,
could simultaneously empty the glass, as the effect glass_e ¢ of the two
actions would be consistent. With the second rule added, these actions are
interfering and cannot be performed concurrently.

The current version of NADL only avoids destructive synergetic effects. It
does not include ways of representing constructive synergetic effects between
simultaneous acting agents (Lingard & Richards, 1998). A constructive
synergetic effect is illustrated in Baral and Gelfond (1997), where an agent
spills soup from a bowl when trying to lift it up with one hand, but not when
lifting it up with both hands. In and A this kind of synergetic effects
can be represented by explicitly stating the effect of a compound action. A
similar approach could be used in NADL, but is currently not supported.

A BNF definition of the concrete syntax of NADL is shown in Appendix A.
Identifiers are alphanumeric sequences starting with a letter. Numbers are
natural numbers. The syntax of formulas is defined in the following formal
definition of an NADL description.

An NADL description is a 7-tuple D ( At ), where:
a N a is a finite set of state variables comprised of a
finite set of propositional variables, a , and a finite set of numerical

variables, N a .
is a finite, nonempty set of system agents.
is a finite set of environment agents.

A s aset of action descriptions ( ) where is the state variables
constrained by the action, is a precondition state formula in the set
o and is an effect formula in the set o . Thus ( )
At 2 0 o . Thesets o and o  are defined

below.

12



: Agt 2 is a function mapping agents (Agt ) to their
actions. Because an action is associated to one agent, must satisfy
the following conditions:

() At

1 2 Agt. (1) ( 2)
o is the initial condition.
o is the goal condition.

For a valid domain description, we require that actions of system agents are
independent of actions of environment agents:

where () is the set of constrained variables of action . The set of formulas
o  are constructed from the following alphabet of symbols:

A finite set of current state and next state variables, where

The natural numbers N.

The arithmetic operators , , , and od.
The relation operators , , , , and
The boolean operators , , , , and

The special symbols ¢ e, false, parenthesis and comma.

The set of arithmetic expressions is constructed from the following rules:
1. Every numerical state variable N a is an arithmetic expression.
2. A natural number is an arithmetic expression.

3. If ;and 5 are arithmetic expressions and  is an arithmetic operator,
then o is an arithmetic expression.
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Finally, the set of formulas o  is generated by the rules:
1. t e and false are formulas.
2. Propositional state variables a are formulas.

3. If | and 5 are arithmetic expressions and R is a relation operator
then | R 5 is a formula.

4. If 1, gand jzareformulas,soare( 1),(1 2),(1 2),(1 2),
( 1 2) and( 1 2 3)-

Parenthesis have their usual meaning and operators have their usual priority

and associativity with the if-then-else operator given lowest priority.
0 o is a subset of the formulas only referring to current state
variables. These formulas are called state fo las.

All of the symbols in the alphabet of formulas have their usual meaning
with the if-then-else operator 2 3 being an abbreviation for ( 4
2) (1 3). Each numerical state variable N a has a finite range
g() 01 , where 0.
The formal semantics of a domain description D ( At )
is given in terms of an NFA

Definition 1 NFA A No dete i isti i ite A lo ato isa 1 le
( ) hee s the sel of states isasetofi t al esa d
2 isa e tstate f tio

In the following construction of  we express the next state function as a
transition relation. Let  denote the set of boolean values T e alse .

Further, let the ha a te isti f lio associated to a set
be defined by: () ( ) . Given an NFA  we define its ¢ a sitio
elatio as a set of triples with characteristic function
C ) C ()
The states  of equals the set of all possible variable assignments
( a ) (Na N). of  is the set of joint actions of
system agents represented as sets. Thatis, 1 o if and only

Note the characteristic function has the same name as the set.
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if (1 2 ) (), where  denotes the number of elements
in .

To define the transition relation : of  we constrain
a transition relation : with the joint actions of all agents
as input by existential quantification to the input

C ) : C )

The transition relation is a conjunction of three relations , and . Given
an action ( ) and a current state ,let () denote the value of
the precondition formula of . Similarly, given an action ( ) and
a current and next state and ,let () denote the value of the effect
formula of . is then defined by:

C ) (o )

defines the constraints on the current state and next state of joint actions.
further ensures that actions with inconsistent effects cannot be performed
concurrently as  reduces to false if any pair of actions in a joint action
have inconsistent effects. Thus, also states the first rule for avoiding
interference between concurrent actions.
is a frame relation ensuring that unconstrained vari-
ables malntaln their value. Let ( ) denote the set of constrained variables
of action . We then have:

where ().

: ensures that concurrent actions constrain a non overlapping
set of variables and thus states the second rule for avoiding interference
between concurrent actions:

() (1) (2

1 2 2

where % denotes theset (1 2) (1 2) 1 9 . The transition
relation is thus given by:

c > C ) ) 0
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e resentation of escri tions

To build an 0BDD  representing the transition relation ( ) of the
NFA of a domain description D ( At ), we must define
a set of boolean variables to represent the current state , the joint action
input and the next state . As in Section 4.2 we first build a transition
relation with the joint actions of both system and environment agents as
input and then reduces this to a transition relation with only joint actions
of system agents as input.
Joint action inputs are represented in the following way: assume action
is identified by a number and can be performed by agent . is then
defined to be the action of agent | if the number expressed binary by a set
of boolean variables , used to represent the actions of |, is equal to
Propositional state variables are represented by a single boolean variable,
while numerical state variables are represented binary by a set of boolean

variables.

Let | to and | to denote sets of boolean variables used
to represent the joint action of system and environment agents. Further,
let and denote the th boolean variable used to represent state
variable in the current and next state. An ordering of the boolean

variables, known to be efficient from model checking, puts the input variables
first followed by an interleaving of the boolean variables of current state and
next stat variables:

where is the number of boolean variables used to represent state variable
and is equal to

The construction of an OBDD representation  is quite similar to the
construction of  in Section 4.2. An OBDD representing a logical expression
is built in the standard way. Arithmetic expressions are represented as lists
of 0BDDs defining the corresponding binary number. They collapse to single
0BDDs when related by arithmetic relations.

To build an oBDD  defining the constraints of the joint actions we need
to refer to the values of the boolean variables representing the actions. Let
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() be the function that maps an agent to the value of the boolean vari-
ables representing its action and let ( ) be the identifier value of action
Further let () and ( ) denote OBDD representations of the precondition
and effect formula of an action . is then given by:

() 0 ) ()
Agt
()

Note that logical operators now denote the corresponding OBDD operators.
An 0oBDD representing the frame relation  changes in a similar way:

( (C) () ()
Agt

()

where () is the set of constrained variables of action and ex-
presses that all current and next state boolean variables representing are
pairwise equal. The expression () evaluates to T' e or alse and is
represented by the oBDD for T' e or alse.

The action interference constraint is given by:

where (1 ) (1 2 (1 2 (1) (2) (1) (2

Finally the oBDD representing the transition relation is the conjunction
of , and with action variables of the environment agents existentially
quantified:

Partitioning the transition relation
The algorithms we use for generating universal plans all consist of some
sort of backward search from the states satisfying the goal condition to the
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states satisfying the initial condition (see Section 6). Empirical studies in
model checking have shown that the most complex operation for this kind
of algorithms normally is to find the preimage of a set of visited states

Definition 2 Preimage ie a N A ( ) a da set of states
the ei age of is the sel of states

)

Note that states already belonging to  can also be a part of the preimage
of . Assume that the set of visited states are represented by an OBDD
expression on next state variables and that we for iteration purposes,
want to generate the preimage  also expressed in next state variables. For
a monolithic transition relation  we then calculate:

- )

where , and  denote input, current state and next state variables, and

denotes the substitution of current state variables with next state
variables. The set expressed by  consists of state input pairs (), for
which the state belongs to the preimage of and the input may cause a
transition from to a state in . In the universal planning algorithms pre-
sented in the next section, the universal plans are constructed from elements
in .
The 0BDD representing the transition relation  and the set of visited
states  tend to be large, and a more eflicient computation can be obtained
by performing the existential quantification of next state variables early in
the calculation (Burch et al., 1991 Ranjan et al., 1995). To do this the tran-
sition relation has to be split into a conjunction of partitions | o ...
allowing the modified calculation:

(- (2-2 (11 ) )

That is, 1 can refer to all variables, 5 can refer to all variables except 1,
3 can refer to all variables except | and 3 and so on.

As shown by Ranjan et al. (1995) the computation time used to calculate
the preimage is a convex function of the number of partitions. The reason
for this is that, for some number of partitions, a further subdivision of
the partitions will not reduce the total complexity, because the complexity
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introduced by the larger number of OBDD operations is higher than the
reduction of the complexity of each OBDD operation.

NADL has been carefully designed to allow a partitioned transition rela-
tion representation. The relations , and all consist of a conjunction of
subexpressions that normally only refer to a subset of next state variables.
A partitioned transition relation that enables early variable quantification
can be constructed by sorting the subexpressions according to which next
state variables they refer to and combining them in partitions with near
optimal sizes that satisfy the above requirements.

based ni ersal Planning Algorit ms

In this section two prior algorithms for 0BDD-based universal planning are
described. Furthermore it is discussed which kind of domains they are suit-
able for. Based on this discussion a new algorithm called o &1 isti la i g
is presented that seems to be suitable for some domains not covered by the
prior algorithms.

The three universal planning algorithms discussed are all based on an
iteration of preimage calculations. The iteration corresponds to a parallel
backward breadth first search starting at the goal states and ending when
all initial states are included in the set of visited states (see Figure 7). The
main difference between the algorithms is the way the preimage is defined.

Figure 7: The parallel backward breadth first search used by universal plan-
ning algorithms studied in this article.
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Strong Planning (Cimatti et al., 1998b) uses a different preimage definition
called strong preimage. For a state belonging to the strong preimage of
a set of states , there exists at least one input where all the transitions
from associated to leadsinto . When calculating the strong preimage of
a set of visited states , the set of state input pairs  represents the set of
actions for each state in the preimage that, for any non-deterministic effect
of the action, causes a transition into . The universal plan returned by
strong planning is the union of all these state-action rules. Strong planning
is complete. If a strong plan exists for some planning problem the strong
planning algorithm will return it, otherwise, it returns that no solution ex-
ists. Strong planning is also optimal due to the breadth first search. Thus,
a strong plan with the fewest number of steps in the worst case is returned.

Strong cyclic planning (Cimatti et al., 1998a) is a relaxed version of strong
planning, as it also considers plans with infinite length. Strong cyclic plan-
ning finds a strong plan if it exists. Otherwise, if the algorithm at some
point in the iteration is unable to find a strong preimage it adds an or-
dinary preimage (referred to as a weak preimage). It then tries to prune
this preimage by removing all states that have transitions leading out of the
preimage and the set of visited states . If it succeeds, the remaining states
in the preimage are added to  and it again tries to add strong preimages.
If it fails, it adds a new, weak preimage and repeats the pruning process.
A partial search of strong cyclic planning is shown in Figure 8. A strong
cyclic plan only guarantees progress towards the goal in the strong parts.
In the weak parts, cycles can occur. To keep the plan length finite, it must
be assumed that a transition leading out of the weak parts eventually will
be taken. The algorithm is complete as a strong solution will be returned
if it exists. If no strong or strong cyclic solution exist the algorithm returns
that no solution exists.

An important reason for studying universal planning is that universal plan-
ning algorithms can be made generally complete. Thus, if a plan exists for
painting the floor, an agent executing a universal plan will always avoid
to paint itself into the corner or reach any other unrecoverable dead-end.
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Figure 8: Preimage calculations in strong cyclic planning. Dashed ellipses
denote weak preimages while solid ellipses denote strong preimages. Only
one action is assumed to exist in the domain. All the shown transitions are
included in the universal plan. Dashed transitions are from weak parts of
the plan while solid transitions are from strong parts of the plan.

Strong planning and strong cyclic planning algorithms contribute by pro-
viding complete OBDD based algorithms for universal planning.

A limitation of strong and strong cyclic planning is their criteria for plan
existence. If no strong or strong cyclic plan exist, these algorithms fail. The
domains that strong and strong cyclic planning fail in are characterized by
having unrecoverable dead-ends that cannot be guaranteed to be avoided.

Unfortunately, real world domains often have these kinds of dead-ends.
Consider, for example, Schoppers’ robot-baby domain described in Section 4.
As depicted in Figure 6 no universal plan represented by a state-action set
can guarantee the goal to be reached in a finite or infinite number of steps,
as all relevant actions may lead to an unrecoverable dead-end.

A more interesting example is how to generate a universal plan for con-
trolling, for example, a power plant. Assume that actions can be executed
that can bring the plant from any bad state to a good state. Unfortunately
the environment can simultaneously fail subsystems of the plant which makes
the resulting joint action non-deterministic, such that the plant may stay in
a bad state or even change to an unrecoverable failed state (see Figure 9).
No strong or strong cyclic solution can be found because an unrecoverable
state can be reached from any initial state. An NADL description of a power
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plant domain is studied in Section 8.2.2.

Bad States Good States

a@ -
O

Failed
States

Figure 9: Abstract description of the NFA of a power plant domain.

Another limitation of strong and strong cyclic planning is the inherent
pessimism of these algorithms. Strong cyclic planning will always prefer to
return a strong plan if it exists, even though a strong cyclic plan may exist
with a shorter, best case plan length. Consider for example the domain
described in Figure 10. The strong cyclic algorithm would return a strong

Figure 10: The NFA of a domain with two actions (drawn as solid and
dashed arrows) showing the price in best case plan length when preferring
strong solutions. IS is the initial state while GS is the goal state.

plan only considering solid actions. This plan would have a best and worst
case length of . But a strong cyclic plan considering both solid and dashed
actions also exists and could be preferable because the best case length of 1
of the cyclic solution may have a much higher probability than the infinite
worst case length.

By adding a unrecoverable dead-end for the dashed action and making
solid actions non-deterministic (see Figure 11) strong cyclic planning now
returns a strong cyclic plan considering only solid actions. But we might
still be interested in a plan with best case performance even though the goal
is not guaranteed to be achieved.
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Figure 11: The NFA of a domain with two actions (drawn as solid and
dashed arrows) showing the price in best case plan length when preferring
strong cyclic solutions. IS is the initial state while GS is the goal state.

The analysis in the previous section shows that there exist domains and
planning problems for which we may want to use a fully relaxed algorithm,
that always includes the best case plan and returns a solution even if it
includes dead-ends which cannot be guaranteed to be avoided. An algorithm
similar to the strong planning algorithm, that adds an ordinary preimage in
each iteration has these properties. Because state-action pairs that can have
transitions to unrecoverable dead-ends are added to the universal plan, this
algorithm is called o t¢ isti la ¢ g. The algorithm is shown in Figure 12.

The optimistic planning algorithm is incomplete because it does not nec-
essarily return a strong solution if it exists. Intuitively, optimistic planning
only guarantees that there exists some effect of a plan action leading to the
goal, where strong planning guarantees that all effects of plan actions lead
to the goal.

The purpose of optimistic planning is not to substitute strong or strong
cyclic planning. In domains where strong or strong cyclic plans can be found
and goal achievement has the highest priority these algorithms should be
used. On the other hand, in domains where goal achievement cannot be
guaranteed or the shortest plan should be included in the universal plan,
optimistic planning might be the better choice.

Consider again, as an example, the robot-baby domain described in Sec-
tion 4. For this problem an optimistic solution makes the robot try to lift
the block as long as it is working. A similar optimistic plan is generated in
the power plant domain. For all bad states the optimistic plan recommend
an action that brings the plant to a good state in one step. This continues as
long as the environment keeps the plant in a bad state. Because no strategy
can be used to avoid the environment from bringing the block lifting robot
and power plant to an unrecoverable dead-end, the optimistic solution is
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Figure 12: The optimistic planning algorithm. All sets in this
algorithm are represented by their characteristic function, which is
implemented as an OBDD.  Preimage( isited tates) returns the set
of state-action pairs associated with the preimage of the vis-
ited states. Prune( tateA tio s, isited tates) removes the state-action
pairs, where the state already is included in the set of visited states.
StatesOf( ed laleA lio s) returns the set of states of the pruned state-
action pairs.
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quite sensible.

For the domains shown in Figure 10 and 11 optimistic planning would
return a universal plan with two state-action pairs: (1 dotted) and (
1 solid). For both domains this is a universal plan with the shortest best
case length. Compared to the strong cyclic solution the price in the first
domain is that the plan may have an infinite length, while the price in the
second domain is that a dead-end may be reached.

e Planner

Umorp is written in C and C . It uses the programs and for
generating a scanner and parser for NADL descriptions and includes the
BUDDY OBDD package (Lind-Nielsen, 1999) for handling 0BDD operations.
The uMoP program is actually comprised of three subprograms: a program
for classical deterministic and non-deterministic planning (see Figure 13), a
program for extracting sequential plans from universal plans (see Figure 14)
and finally a program for analyzing universal plans and other OBDDs pro-
duced by uMoOP (see Figure 15). A detailed description of these subprograms
is given in the following two sections.

A flow diagram of a planning session is shown in Figure 13. A planning
session begins with a parsing of the NADL description. The parsing is done
by a parser generated by and from the script files and

(see Appendix D.2 and D.3). The domain is represented internally by the
structure defined in (see Appendix D.4.5). The parser is written
in C, because and generates C files. The rest of the code is written
in C partly to exploit the C interface of the BUDDY package. The
corresponding C domain representation is defined in (see
Appendix D.4.6). The domain representation is analyzed and translated to
a domain definition structure defined in (see Appendix D.4.7). The
domain definition is a large structure containing all the domain information
needed by any function. Its most important structures are:

1. A mapping of each domain variable and action to the set of OBDD
variables representing it (e.g. used for translating formulas to 0BDD’s).

2. A 2D array of pointers to action descriptions. number).
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