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Abstract. Several real world applications require planners that degd non-
deterministic domains and with temporally extended gdakcent research is
addressing this planning problem. However, the abilityexlthg in practice with
large state spaces is still an open problem. In this papeeseribe a planning al-
gorithm for extended goals that makes use of BDD-based sijerhodel check-
ing techniques. We implement the algorithm in the MBP planexaluate its ap-
plicability experimentally, and compare it with existirgpts and algorithms. The
results show that, in spite of the difficulty of the problemBM deals in practice
with domains of large size and with goals of a certain complex

1 Introduction

Research in classical planning has focused on the probl@moeiding algorithms that
can deal with large state spaces. However, in some applicdtmains (like robotics,
control, and space applications) classical planners &fieuti to apply, due to restric-
tive assumptions on the planning problem they are desigaed ljighly customized)
for. Restrictive assumptions that result from practicglexiences are, among others,
the hypotheses about the determinism of the planning doarairthe fact that goals
are sets of final desired states (reachability goals). @évecent works address either
the problem of planning for reachability goals mon-deterministic domain&ee for
instance [7, 15, 3, 10]), or the problem of planning femporally extended goatkat
define conditions on the whole execution paths (see fornast§8, 1]). Very few works
in planning relax both the restrictions on deterministienddns and on reachability
goals, see, e.g., [11, 14]. These works show that plannintgifioporally extended goals
in non-deterministic domains is theoretically feasibleaimather general framework.
However, they leave open the problem of dealing in practitle thie large state spaces
that are a characteristic of most real world applicationgeked, the combination of
the two aspects of non-determinism and temporally extegdats makes the problem
of plan generation significantly more difficult than considg one of the two aspects
separately. From the one side, planning for temporallyreded goals requires gen-
eral synthesis algorithms that cannot be customized arichized to the special case
of reachability goals. From the other side, compared torptanfor extended goals in
deterministic domains, the planner has to take into acdterfiact that temporal prop-
erties must be checked on all the execution paths that fesaoitthe non-deterministic
outcomes of actions. These two factors mpkactical planning for extended goals in
large non-deterministic domains an open and challenging problem

In this paper we address this problem. The starting poinhéswiork presented
in [14], which provides a theoretical framework for plangiim non-deterministic do-
mains. In [14], goals are formulas in the CTL temporal lo§ CTL provides the abil-
ity to express goals that take into account the fact that@amplay non-deterministically
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resultin many possible different executions and that se@geirements can be enforced
on all the possible executions, while others may be enfoooéglon some executions.
In order to show that planning for CTL goals is feasible tleioally, [14] presents a
planning algorithm that searches through an explicit regméation of the state-space.
This however limits its applicability to trivial exampleln this paper we describe in
detail a novel planning algorithm based on symbolic modek&mg techniques, and
evaluate it experimentally. The algorithm is a major degrarfrom that presented in
[14], both theoretically and practically. Theoreticallyhile [14] is an explicit-state
depth-first forward search, the algorithm presented hefermsulated directly by us-
ing symbolic model checking techniques. Starting from thaldormula, it builds an
automaton that is then used to control the symbolic searcetsof states. From the
practical point of view, the algorithm opens up the posgibib scale-up to large state
spaces. We implement the algorithm in the MBP planner [}, j@novide an extensive
experimental evaluation. The experiments show that pkaim such a general setting
can still be done in practice in domains of significant diniens, e.g., domains with
more thanl0® states, and with goals of a certain complexity. We comparePM&th
SIMPLAN [11], a planner based on explicit-state search, and shosidingicant bene-
fits of planning based on symbolic model checking w.r.t. iexp$tate techniques. We
also compare the algorithm for extended goals with the MB@rithms presented in
[6, 7], that have been customized to deal with reachabiliigig} The general algorithm
for extended goals introduces a rather low overhead, ie sfpthe fact that it deals with
a much more general problem.

The paper is structured as follows. Section 2 presents thie Hafinitions on plan-
ning for extended goals in non-deterministic domains. Tére ©f the paper are Sec-
tions 3 and 4. The former presents the planning algorithnilevtthe latter describes its
implementation in the MBP planner and shows the experinentduation. Finally,
Section 5 draws some conclusions and discusses related work

2 Non-Deterministic Domains, Extended Goals and Plans

In this section we recall briefly the basic definitions forrplang with extended goals
in non-deterministic domains. See [14] for examples anth&rexplanations.

Definition 1. A (non-deterministic) planning domaih is a tuple(B, Q, A, —), where
B is the finite set of (basic) propositiong, C 25 is the set of states4 is the finite
set of actions, and» C Q x A x Q is the transition relation. We writg = ¢’ for
(¢,a,q') € —.

The transition relation describes how an action leads framsiate to possibly many
different states. We require that relatienis total, i.e., for every; € Q there is some
a € Aandg’ € Q such thay % ¢'. We denote withct(q) 2 {a : 3¢'. ¢ > ¢'} the
set of the actions that can be performed in sjand withExec(q, a) = {¢:q5q}
the set of the states that can be reached fygrarforming actioru € Act(q).

Definition 2. Let 5 be the set of basic propositions of a domairand letb € 5. The
syntax of ar(extended) goaj for D is the following:
gu=T|L|b[=blgAg|gvg|AXg|EXyg|
A(gUg) |E(gUg) | A(gWg) | E(gW g).
We define the following abbreviationAF g = A(T Ug), EFg = E(TUg), AG =
A(gw L),andEF =E(gW 1).



Extended goals are expressed with CTL formulas. CTL allosvexpress goals that
take into account non-determinism. For instance, it is ipdsso express the different
forms of reachability goals considered in [6, 7]: the gB&lb requires plans to have
a chance of reaching a set of final desired states whérads (“weak” planning),
AF b requires plans that are guaranteed to achieve the goabritstiplanning), and
A(EF bW b) requires plans that try to achieve the goal with iteratival-and-error
strategies (“strong-cyclic” planning). We can express aiferent kinds of maintain-
ability goals, e.9.AG g (“maintaing”), AG —g (“avoid g”), EG g (“try to maintaing”),
EG —g (“try to avoid ¢"), and AG EF g (“always maintain a possibility to reagji).
Moreover, reachability and maintainability requiremecas be combined, like in the
cases ofAF AG g (“reach a set of states whegecan be maintained”). See [14] for a
larger set of examples of extended goals that can be exprgs€4 L.

In order to satisfy extended goals, we need to consider pleisare strictly more
expressive than plans that simply map states of the worldttores to be executed, like
universal plans [16], memory-less policies [3], and stt8en tables [6, 7]. In the case
of temporally extended goals, actions to be executed maydapend on the “internal
state” of the executor, which can take into account, e.gvipus execution steps. More
precisely, a plan can be defined in terms ofaation functionthat, given a state and
anexecution contex¢éncoding the internal state of the executor, specifies ttieraio
be executed, and in terms otantext functiorthat, depending on the action outcome,
specifies the next execution context.

Definition 3. A planfor a domainD is a tupler = (C, ¢y, act ctxt), whereC'is a set
of (execution) contextgy € C'is the initial context, act @ x C — A is the action
function, and ctxt Q x C' x Q@ — (C'is the context function.

If we are in statey and in execution context, thenact(q, ¢) returns the action to be
executed by the plan, whiletxt(q, ¢, ¢') associates to each reached stgtthe new
execution context. Functioretandctxtmay be partial, since some state-context pairs
are never reached in the execution of the plan.

The execution of a plan results in a change in the currerg stadl in the current
context. It can therefore be described in terms of transstlietween state-context pairs,
like (¢,¢) % (¢',¢'). Due to the non-determinism of the domain, a plan may lead to
an infinite number of different executions. In [14] a finiteepentation of all possible
executions is obtained by defining arecution structurelt is a Kripke structure [9]
whose set of states is the set state-context pairs, and wiaoséions are the transitions
of the plan. According to [14], a plan satisfies a ggédfl CTL formula g holds on the
execution structure corresponding to the plan.

3 The Symbolic Planning Algorithm

A planning problem requires to build a plan that satisfiegtbed and is compatible with
the given domain (i.e., it is executable). The algorithm wappse works by building an
automaton, called theontrol automatorthat is used to guide the search of a plan. The
states of the control automaton are the contexts of the plrnig being built, and the
transitions represent the possible evolutions of the ctsmtghen actions are executed.
Control automata are strictly related to the tree automaipgsed in [12] as the basic
structure for performing CTL synthesis. The outline of timbolic planning algorithm

is the following:
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function symbolic-plattg,) : Plan

aut:= build-aut go)

assoc.= build-asso¢aut)

plan:= extract-plafaut assog

return plan
It works in three main steps. In the first stdqild-autconstructs the control automa-
ton for the given goal. In the second stdquild-assoaxploits the control automaton
to guide the symbolic exploration of the domain, and ass$esia set of states in the
planning domain to each state in the control automatonitiveely, these are the states
for which a plan exists from the given context. In the thirgjsextract-plarconstructs
a plan by exploiting the information on the states assodiai¢he contexts.

Control automata.Control automata are the key element for the definition oftlae-
ning algorithm.
Definition 4. A control automatois a tupleA = (C, ¢y, T, R), where:
— (' is the set of control states (or contexts), agds C is the initial control state.
- T :C — P(Prop(B) x P(C) x C) is the transition function, where Prép) is
any propositional formula constructed from basic propiosisb € B.
— R={By,...,B,}, with B; C C, is the set of theed blocksof the automaton.

The transitions iff'(c) describe the different valid evolutions from contexEor each
(P,Es, A) € T(c), componentP constrains the states where the transitions is appli-
cable, while componentEB's and A describe the contexts that must hold in the next
states, according to the transition. More precisely, eathextE € Es must hold for
“some” of the next states, whilé defines the context that must hold for “all the other”
next states. The distinction between conteé&tsand context4 is necessary in the case
of non-deterministic domain, since it permits to distirgfubetween behaviors that the
plan should enforce on all next states, or only on some of them

Componentk defines conditions on the valid infinite executions of a pldrese co-
incide with the so called “acceptance conditions” of auttantaeory [13]. Acceptance
conditions are necessary to distinguish the control statagplan where the execution
can persist forever from the control states that shouldfbeventually in order to allow
for a progress in the fulfilment of the goal. More precisalygiven red blockB € R
is used to represent all the control states in which the di@cis trying to reach or
achieve a given condition. If an execution of a plan persistisle B, then the condition
is never reached, the execution is not accepted and thegaat valid. If a control state
does not appear in any red block, then it corresponds to atisittwhere only safety or
maintainability goals have to be fulfilled, so no progres®ipuired.

Construction of the control automatalMe now define how the control automaton is
constructed from the goal.

Definition 5. The control automator = build-aufgo) is built according to rules:
—Ccy = [go] eC.
— If [g1,...,9,] € C then, for each P, EX, AX) € progrig: A --- A g,) and for
each partition{ EX, ..., EX, } of EX:
(P, {order-goaléAX U EX;) :i=1..n}, order-goalsAX)) € T(c).
Moreover,order-goalsAX U EX;) € C fori = 1..n andorder-goal§AX) € C.

— For each strong until subgoal of go, let B, = {c € C : headc) = g};if B, # 0,
thenB, € R.



Each state of the control automaton corresponds to an atdisteof subgoals, rep-
resenting those subgoals that the executor should curacitieve. The order of the
subgoals represents their priorities. Indeed, there aratgins in which it is necessary
to distinguish control states that correspond to the satngaals according to their pri-
orities. Consider for instance the case of gpal = AG (AF p A AF ¢), that requires
to keep achieving both conditignand conditiorny. Two different contexts generated
in the construction of the control automaton for this go& [&F p, AF ¢, gac ] and
[AF ¢, AF p, gac |- They have the same subgoals, but the first one gives priorggpal
AF p, while the second one gives priority to gogF ¢. By switching between the two
contexts, the plan guarantees that both the condip@lq are achieved infinitely of-
ten. In general, the first gohkad(c) in a context is the goal with the highest priority,
and it is the goal that the planning algorithm is trying toiagk first.

In order to be able to define the priority of the subgoals wealrtelistinguish three
categories of formulas: thetrong untilgoals A(-U-) andE(-U .)), the weak until
goals A(-W -) andE(-W _)), and thetransientgoals AX _, EX _, .V _,and_A ). A
transient goal is “resolved” in one step, independentlynftbeir priority: prefixesAX
andEX, for instance, express conditions only on the next exeowdiep. Weak until
goals are allowed to hold forever, without being resolveaergfore, we assign a low
priority to transient and weak until goals. Strong until oaust be instead eventually
resolved for the plan to be valid. We assign a high priorityhse goals, and, among
the strong until goals, we give priority to the goals that active since more steps.
Namely, the longer a strong until goal stays active and wived, the “more urgent”
the goal becomes. In Definition 5 the ordering of subgeals performed by function
order-goalésg, c). The input context represents the list of the subgoals in the old
context; it is necessary to determine the priority amongstheng until goals that are
already active in the old context.

One of the key steps in the construction of the transitiorcfion of a control au-
tomaton is the functioprogr. It associates to each gaathe conditions thay defines
on the current state and on the next states to be reacheddarto the CTL seman-
tics. This is obtained by unrolling the weak and strong wp#rators, as shown by the
following rules:

— progrA
progr(E
— progn(A
progr(E

gUyg')) = (progng) NAX A(gUg')) v progr(g') and
gUg')) = (prognig) NEXE(gUg')) V progrg');
gWyg')) = (progrig) N AX A(gW g')) V progr(g') and
gWg')) = (progrig) NEXE(gW g¢')) V progn(g').

Functionprogrcommutes with the other operators: egrogr(g A ¢g') = progn(g) A
progr(g"). For instanceprogn AG p) = pAAX AG p, progEF q) = ¢VEXEF p, and
progn AG pAEF q) = (pAgNANAX AGp)V (pAAX AG pAEXEF ¢). We can assume
that formulaprogn(g) is written in disjunctive normal form, as in the examples\aho
Each disjunct corresponds to an alternative evolution efdbmain, i.e., to alternative
plans we can search for. Each disjunct consists of the cotipmof three kinds of
formulas, the propositional onésand —b, those of the fornEX f, and those of the
form AX h. In the algorithm, we make this structure explicit and repreéprogr(g) as
a set of triples

progr(g) = {(P;, EX;, AX;) | i € I'}.

wherep € P; are the propositional formulas of thieh disjunct ofprogr(g), andf €
EX; (h € AX;)if EX f (AX h) belongs to the-th disjunct.
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In the case the componehAtX of a disjunct(P, EX, AX) contains more than one
subgoal, the generation of the control automaton has toitae@ccount that there are
different ways to distribute the subgoalsihX to the set of next states. For instance,
if set EX contains two subgoals, then we can require that both theosidbdold in
the same next state, or that they hold in two distinct nexestdn the general case,
any partitionE Xy, ..., EX, of the subgoals ilE X corresponds to a possible way to
associate the goals to the next states. Namely, for £aeh...n, there must be some
next state where subgoalsX U £ X; hold. In all the other states, subgoalsAiX’ must
hold.

A plan for a given goal is not valid if it allows for executiongere a strong until
goals becomes eventually active and is then never resdivedder to represent these
undesired behaviors, the construction of the automatorrgées a red blocks, for
each set of contexts that share the same “higher-priotitghg until goalg.

Associating states to context@nce the control automaton for a gaglis built, the
planning algorithm proceeds by associating to each coimekte automaton a set of
states in the planning domain. The association is built Imgtion build-assoc

1 function build-asso¢aut) : Assoc

2 foreachc € autC do assofc] := Q

3 green-block= {ce C :VB € autR .c ¢ B}

4  blocks:= aut R U {green-block

5 while (3B € blocks. need-refinemefB)) do

6 if B € autR then foreachc € B do assofc] := ()
7 while (3¢ € B . need-update)) do

8 assofr| := update-ctxtaut, assogc)

9 return assoc

The algorithm starts with an optimistic association, tregtigns all the state§ in the
domain to each context (line 2). The association is themtitexly refined. At every
iteration of the loop (lines 5-8), a block of contexts is oliwsand the corresponding
associations are updated. Those states are removed froasgbeiation, from which
the algorithm discovers that the goals in the context aresatisfiable. The algorithm
terminates when a fixpoint is reached, that is, whenever rthdurefinement of the
association is possible: in this case, functioeed-refinemefB) at line 5 evaluates
to false for eachB € blocksand the guard of thevhile fails. The chosen block of
contexts may be either one of the red blocks, or the blockaiéstthat are not in any
red block (this is the “green” block of the automaton). In tase of the green block,
the refinement step must guarantee only that all the stadesiated to the contexts are
“safe”: that is, they never lead to contexts where the goahotibe achieved anymore.
This refinement (lines 7-8) is obtained by choosing a coritettte green block and by
“refreshing” the corresponding set of states (functigiate-ctxy. Once the fixpoint
is reached and all the refresh steps on the statd$ @0 not change the association
(i.e., no context inB needs updates), the loop at lines 7-8 is left, and anothek o
chosen. In the case of a red block, not only does the refinegoanantee that the states
in the association are “safe”, but also that the contexthénréd block are eventually
left. Indeed, as we have seen, executions that persistdonmevhe control states of a
red block are not valid. To this purpose, the sets of statescéted to the red-block
are initially emptied (line 6). Then, iteratively, one ofetltontrol states in the red-
block is chosen, and its association is updated (lines K 8his way, a least fixpoint is
computed for the states associated to the red block.



The core step obuild-assods functionupdate-ctxtaut assocc). It takes as input
the automatorgut = (C, ¢o, T, R), the current association of sta@ssoand a context
¢ € C, and returns the new set of states to be associated to

update-ctxtaut, assocc) 2 {geQ:
Ja€ A, (P, Es,A) € T(c)
q € states-ofP) A
(g,a) € strong-pre-imag&@sso¢A]) A

(¢,a) € multi-weak-pre-imageasso¢E] : E € Es})}.
For a state to be associated to the context, the next statesponding to the execution
of some actioru € A should satisfy the transition conditions of the automat@t.us
consider an action and an elementP, Es, A) € T'(c). FormulaP describes condi-
tions on the current states. Only those states that satishepty P are valid (condition
q € states-ofP)). A is the context that should be reached for “all the other” seaties,
i.e., for all the next states not associated with any coritekts. Since all the contexts
in E's contain a superset of the goals in contdxive check, without loss of generality,
thatall the next states are valid for contektIn order to satisfy this constraint, function
strong-pre-imagés exploited on the seisso€A] of states that are associated to context

A. Functionstrong-pre-imagg)) returns the state-action pairs that guarantee to reach

states inQ:

strong-pre-imagg)) 4 {(g,a) : a € Act(q) A Exec(q,a) C Q}.
SetE's contains the contexts that must be reached for some negsstat satisfy this
constraint, functiormulti-weak-pre-imagés called on the sefasso¢E] : E € Es}
whose elements are the sets of states that are associatedctantexts infs. Function
multi-weak-pre-imageeturns the state-action pairs that guarantee to covenaiets
of states received in input:
multi-weak-pre-imageQ)s) 4
{(g,a) : a € Act(q) A Ti : Qs — Exec(q,a) .VQ € Qs . i(Q) € Q}.
This function can be seen as a generalization of functi@ak-pre-imagey), that
computes the state-action pairs that may lead to a stafe imeak-pre-imagé)) =
{(g,a) : Exec(q,a) N @ # 0}. Indeed, in functiormulti-weak-pre-imag@)s) an in-
jective map is required to exist from tligs to the next states obtained by the execution
of the state-action pair. This map guarantees that thetdéast one next state in each
set of states i§)s. We remark that functiowpdate-ctxis the critical step of the algo-
rithm, in terms of performance. Indeed, this is the step wiiee domain is explored to
compute pre-images of sets of states. BDD-based symbohaigues [4] are exploited
in this step to obtain a compact representation of the settatés associated to the
contexts, and to allow for an efficient exploration of the ddm

Extracting the planOnce the associatiomssocfrom contexts to sets of states is built
for automatoraut, a plan can be easily obtained. The set of contexts for theqaa-
cides with the set of contexts of the control automaaan The information necessary
to define functionsctandctxtis implicitly computed during the execution of the func-
tion build-assoc Indeed, functionsipdate-ctxtand multi-weak-pre-imageletermine,
respectively, the actioact(q, c) to be performed from a given stagén a given context
¢, and the next execution conteptkt(q, c, ¢') for any possible next statg. A plan can
thus be obtained from a given assignment by executing one step of the refinement
function and by collecting these information.
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4 Experimental Evaluation

We have implemented the planning algorithm inside the MB#pér. MBP [2] is built
on top of a state-of-the-art symbolic model checkesSWV [5]. Further information
on MBP canbe found dttt p: //sra.itc.it/tool s/ nbp/.

The experimental evaluation is designed to test the sdigyatii the approach, both
in terms of the size of the domain and in terms of the complexiitthe goal. In the
experiments we also draw a comparison with planning algwrét for extended goals
based on an explicit-state exploration of the domain, arhnticular with $M PLAN .
SIMPLAN [11] implements different approaches to planning in notedwinistic do-
mains. We focus on the logic-based planning component,evseended goals can be
expressed in (an extension of) Linear Temporal Logic (LTI} formulas can be used
in SIMPLAN to describe user-defined, domain- and goal-dependentadatitategies,
that can provide aggressive pruning of the search spackelexperiments we test the
performance of 81PLAN with and without strategies. Another important comparison
term are the algorithms provided by MBP for the specific caseeachability goals
[6,7]. Some of the experiments are designed to evaluatewbshead of the general
algorithm for extended goals w.r.t. the optimized algarith

We consider the “robot delivery” planning domain, first désed in [11]. This do-
main describes a building, composed by 8 rooms connecteddmois. A robot can
move from room to room, picking up and putting down objectsm® rooms in the
domain may be designed as “producer” and as “consumer” roamebject of a cer-
tain type can disappear if positioned in the correspondimgamer room, and can then
reappear in one of the producer rooms. Furthermore, in dodadd non-determinism
to the system, some of the doors may be designed to closeuvithtervention of the
robot: they are called “kid-doors” in [11].

The experiments have been performed on a Pentium Il 700 Midtz4vGb RAM
of memory running Linux. The time limit was set to 1 hour (368onds). All the
experiments have been run on 5 random instances. In thestatdereport the average
time required to complete. In the case of MBP, the reportedsiinclude also the pre-
processing time necessary in MBP to build the symbolic gm&ation of the planning
domain. In the case only some of the instances terminatecitirtie limit, we report
the average on the instances that terminate and the nurob&rminated instances as
[t/5]. If all the instances of an experiment do not terminate, threesponding cell is
left empty.

The first two experiments coincide with the experiments psaul in [11] Experi-
ment 1 consists in moving objects into given rooms and then mairtteém there. No
producer and consumer rooms are present in this experiiverfix the number of ob-
jects present in the domain to 5. The numberf objects to be moved ranges from 1 to
5, while the numbek of kid-doors ranges from 0 to 7. The CTL goal is the following:

AF AG (in(obj,, roomy) A - - - Ain(obyj,,, room,)).

Experiment 2 consists in reactively delivering produced objects to theesponding
consumer room. The numbgrof producer and consumer rooms ranges 1 to 4, while
the numbel of kid-doors ranges form 0 to 7. The CTL goal is the following:

AG (/\,_,  in(obj;, prod;) — AF (in(obj;, cons)))

The results of these two experiments are reported in Tabdes 2 for MBP, for $v-
PLAN with control strategies (% PLAN with CS), and for 81 PLAN without control
formulas (SMPLAN w/o CS). MBP and 81PLAN exhibit complementary behaviors



MBP SIMPLAN with CS SIMPLAN w/o C
n=1 n=2 n=3 n=4 n=5| n=1 n=2 n=3 n=4 n=5| n=1 n=2 n=3
k=0]] 0.7] 3.4] 22.1] 143910944 05 0.7 1.2 1.6 1.7] 311.911454 B
[1/5]
k=1]| 0.7] 45 337 19531219.4 1.0 1.9 6.3 48 91| 1065 05
[2/5]| [1/5]
k=2|| 0.8 5.0 3809 275.11648. 84| 114 11.5 116.7 1286 s E
[4/5]
k=3]| 0.8 64 412 276.92163.4] 16.0] 40.1] 378.9 727.0 - B E
[2/5] [4/5]| [3/5]| [3/5]
k=4]| 1.0 56| 45.7 336.92185.3| 22.2]1478. 275.1 -
[3/5] [3/5]| [2/5]
k=5]| 1.2 7.8 43.4 350.21866.]| 680.5 352.9 420.]] B B B B
[3/5] [2/5]| [1/5]
k=6|| 1.2 8.8 52.1] 426.22505.1|1143. B - B B B B
[3/5]|| [4/5]
kK=7|| 1.4 9.4 42.7] 303.32886.1 - E B E B B E
[2/5]
Table 1. Results of Experiment 1.
MBP SIMPLAN with CS SIMPLAN w/o CS

p=1 p=2 p=3 p=4 p=1 p=2| p=3 p=4|| p=1 p=2 p=3 p=4
k=0]] 00| 64 124.62053q] 03 24 28.7 303.8] 33.2 /2.9 - -
[4/5]| [1/5]
k=1| 00 61 13724269 08 151 3602 3094 9.2 17.8

[3/5]]| [2/5]] [1/5]
k=2 00 63 112526841 150 630 9180 - - -

[4/5]| [1/5]
K=3|[ 0.0 5.6 123.12063.]| 245.73289. - = = - - =
[1/5]

k=4 0.1 12.8 130.623254] 122 - - - - - - -
[3/5]

k=5 0.1 113 140.62944.9/13869 B - B B - - B
[1/5]

k=6 0.1 7.9 130.32940.2|110%. - - - - - - -
13/5]]| [1/5]

k=7 01 124 140.92703.4] 1.8 - - - - - - -
[1/5]

Table 2. Results of Experiment 2.

in these tests. The performance of MBP is left rather untdtewhen kid-doors are
added, but the time required to find a plan grows exponentialthe numbem of
objects to be moved and in the numbeof producer rooms. i PLAN with control
strategies scales linearly with respect to the numbef objects, and behaves better
than MBP also when the numbeof producer rooms grows.Il8 PLAN, however, suf-
fers remarkably when kid-doors are added to the domain.

Some remarks are in order on the different behaviors of tlesiggtems in the first
experimentin the case the numhbeof objects to be moved grows. The number of steps
that the robot must perform grows linearly in the number géots, while the number of
interesting states of the planning domain grows exponintidBP searches for a plan
for all the states in the domain. This explains its expomgtiow. The search control
strategies in B1PLAN, instead, prune most of the search space, at least in thaoase
kid-doors are present. The plan is therefore built in lingae w.r.t. its length. When
the search control strategies are disallowed im B AN, a larger portion of the state
space should be explored, and the performance becomes nousb.wndeed, plans are
found in the time limit only for very small values of parammsti, n, andp.

Experiment 3 is designed to compare the performance of the general eedend
goals planning algorithm of MBP with the optimized algonith provided by MBP
for reachability goals. In this case, the robot is requiedetach a state where a goal
condition is satisfied. The goal conditions have the foltogviorm:

p = in(obj,, room) A - -- A in(obj,,, room,).
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k=0 k=7
n=1 n=2 n=3 n=4 n=5| n=1 n=2 n=3 n=4 n=5
AFp 0.7 3.8 26.9 160.21316.3] 0.3 0.3 0.4 04 04
Strong 0.4 23 16.1 139.5 766.8 03 03 03 04 04
SIMPLAN with CS 04 07 12 16 21 - - - - -
SIMPLAN w/o CS - - - - -

A(EFpWp) 1.3 9.9 46.1 601.d2547.3] 2.3] 12.9 75.0 589.9

SC-Global 0.6] 3.6/ 26.00 266.641253.3] 1.1 5.0 39.9  238.61880.6
SC-Local 0.2 1.3 9.3] 1111 615.1] 2.1] 15.3 152.§1525.9 -

Table 3. Results of Experiment 3.

We consider three optimized algorithms for reachabilitglgoThe first algorithm tries
to build Strongplans, i.e., plans that reach conditipdespite non-determinism. It cor-
responds to temporally extended gaddl p. The other algorithms try to buil&trong-
Cyclicplans by exploiting two different approaches, tBlebaland theLocalapproach
described in [6]. We recall from Section 2 that a strong-icylan defines a trial-and-
error strategy, corresponding to the temporally extendsal 4 (EF p W p). Strong-
cyclic plans cannot be expressed imMPLAN: indeed, SV PLAN is not able to express
those goals that require a combination of universal andentisl path quantifiers.

Strong-cyclic plans are interesting in the cases wher@gtptans do not exist due
to the non-determinism in the domain. In order to allow foctssituations, in this
experiment we use a variant of the robot delivery domain,revtiee robot may fail to
open a kid-door. (In the original domain, the robot alwaysceeds in opening a door;
kid can close it again only from the next round.) If a kid-d@®on the route of the
robot, no strong plan exists for that problem: the robot caly try to open the door
until it succeeds.

The results of this experiment are shown in Table 3. We remust the case of 0
kid-doors (where strong plans always exist), and the ca3ekaf-doors (where strong
plans never exist). In all the cases, the numberf objects to be moved ranges from
1 to 5. The upper part of the table covers the “strong” reailibhaplanning problem
and compares the optimized MBP algorithm (Strong), the geradgorithm on goal
AF p, and, for completeness|MPLAN. In the caseé = 7, the times in Table 3 are
those required by MBP to report that no strong plan existe [6twer part of the ta-
ble considers the “strong-cyclic” reachability planninglplem and compares the two
strong-cyclic algorithms of MBP (SC-Global and SC-Localfiahe general MBP al-
gorithm on goalA(EF p W p). The experiment shows that the generic algorithm for
temporally extended goals compares quite well with rejoebe optimized algorithms
provided by MBP. Indeed, the generic algorithm requiresuabwice the time needed
by the optimized algorithm in the case of the strong plans @mlit2.5x the time
of the optimized “global” algorithms for the strong-cycptanning. The “local” algo-
rithm behaves better than the generic algorithm (and thafiglobal” one) in the case
a strong plan exists, i.ek, = 0; it behaves worse in the case no plan exists, k.e=, 7.
This difference in the performances of the MBP algorithmsves from the overhead
introduced in the generic algorithm by the need of managemgegc goals, and from
the optimizations present in the specific algorithms. Fetance, the Strong and SC-
Local algorithms stop when a plan is found for all the inisédtes, while the generic
algorithm stops only when a fixpoint is reached.

Experiment 4 tests the scalability of the algorithm w.r.t. the complegxit the goal.
In particular, we consider the case of sequential readhabials in the modified do-
main of Experiment 3. Given a sequensge. . ., p; of conditions to be reached, with

pi = in(obj; y,room; 1) A --- Ain(obyj; ,,, room; ),



k=0 k=7
t=1]t=2| t=3| t=4| t=5| t=6|[ t=1| t=2| t=3| t=4[ t=5/t=6
AF_ 35.1] 97.5/158.7196.1]197.9290.4] 0.3] 0.5 0.4 0.6 0.6 0.8
SIMPLAN With CS|| 1.2[ 2.9 4.2 6.8 7.8 115 1 -
SIMPLAN w/o CS - B B B B B . . . . . .
A(EF _W.) [[128.1]195.1[307.7358.0583.0632.4]151.4279.9342.9544.0642.9799.4
Table 4. Results of Experiment 4.

we consider the “strong” sequential reachability planrpngpblems
AF (p1 AAF (p2 A -+ - AF (p1)))
and the “strong-cyclic” sequential reachability plannprgblem

A(EF (p1 A+ A(EF ps Wpi)) W(p1 A -+ A(EF pr W pr))).
In Table 4 we present the outcomes of the experiment. In tbagtcase, we present
the results also for I®1PLAN. In the strong-cyclic case a comparison is not possible,
as SMPLAN is not able to represent this kind of goals. The numbef objects is set
to 3, while the nesting level ranges from 1 to 6. The cases of 0 and of 7 kid-doors
are considered. The experiment shows that MBP scales abeatly in the number
of nested temporal operators, both in the case of strongratingicase of strong-cyclic
multiple reachability. In the case of 0 kid-doors and strosgchability, also 81 PLAN
with search control strategies scales linearly, and thiopeance is much better than
MBP. Without search strategiesiINEPLAN is not able to complete any of the tests in
this experiment.

The experimental evaluation shows that MBP is able to delmglatively large do-
mains (some of the instances of the considered experimamgsrhore than0® states)
and with high non-determinism, and that the performanckescaell with respect to
the goal complexity. In terms of expressiveness, CTL turidmbe an interesting lan-
guage for temporally extended goals. With respect to LTledusy SMPLAN), CTL
can express goals that combine universal and existentibl qpeantifiers: this is the
case, for instance, of the strong-cyclic reachability go@in specific planning prob-
lems, (e.g., reachability problems) the overhead w.rtintiped state-of-the-art algo-
rithms is acceptable. The comparison wittmBLAN shows that the algorithms based
on symbolic techniques outperform the explicit planningpaithms in the case search
control strategies are not allowed. With search contr@itegiies, 81PLAN performs
better than MBP in the case of domains with a low non-detesminThe possibility
of enhancing the performance of MBP with search strategias interesting topic for
future research.

5 Conclusions and Related Work

In this paper, we have described a planning algorithm basexymbolic model check-
ing techniques, which is able to deal with non-determiaidtimains and goals as CTL
temporal formulas. This work extends the theoretical tequresented in [14] by devel-
oping a symbolic algorithm that fully exploits the potetitiaof BDDs for the efficient
exploration of huge state spaces. We implement the algoiithMBP, and perform
a set of experimental evaluations to show that the appraaphaictical. We test the
scalability of the planner depending on the dimension ofdtwmain, on the degree of
non-determinism, and on the length of the goal. The experiatevaluation gives pos-
itive results, even in the case MBP is compared with harldsd domain and goal
dependent heuristics (like those ofM3PLAN), or with algorithms optimized to deal
with reachability goals.
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Besides 8vPLAN, very few attempts have been made to build planners that work
in practice in such a general setting like the one we prophse.issue of “temporally
extended goals” is certainly not new. However, most of thekadn this direction re-
strict to deterministic domains, see for instance [8, 1]siaf the planners able to deal
with non-deterministic domains, do not deal with tempgrakttended goals [7, 15, 3].

Planning for temporally extended goals is strongly relatethe “synthesis prob-
lem” [12]. Indeed, the planner has to synthesize a plan frengiven goal specification.
We are currently investigating the applicability of the posed algorithm to synthesis
problems.

In this paper we focus on the case of full observability. Ateesion of the work to
the case of planning for extended goals under partial obbéity is one of the main
objectives for future research.
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