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Abstract. Over the years increasingly sophisticated planning algorithms
have been devel oped. These have made for more efficient planners, but unfor-
tunately these planners till suffer from combinatorial explosion. Indeed, re-
cent theoretical results demonstrate that such an explosionisinevitable. It has
long been acknowledged that domain independent planners need domain de-
pendent information to help them plan effectively. In this work we describe
how natural domain information, of a“strategic’ nature, can be expressedin a
temporal logic, and then utilized to effectively control aforward-chaining plan-
ner. There are numerous advantages to our approach, including a declarative
semantics for the search control knowledge; a high degree of modularity (the
more search control knowledgeutilized the more efficient search becomes); and
an independence of this knowledge from the details of the planning algorithm.
We have implemented our ideasinthe TLPLAN system, and have been able to
demonstrate its remarkabl e effectivenessin awide range of planning domains.

1 Introduction

Plannersgenerally employ search to find plans, and planning research hasidentified anumber
of different spaces in which search can be performed. Of these, three of the most common
are (1) the forward-chaining search space, (2) the backward-chaining search space, and (3)
the space of partially ordered plans. The forward-chaining space is generated by applying all
applicableactionsto every state starting with theinitial state; the backward-chaining space by
regressing the goal conditions back through actions that achieve at least one of the subgoals;
and the space of partially ordered plans by applying acollection of plan modification operators
to aninitial “dummy” plan.

Plannersthat explore the backward-chaining space or the space of partially ordered plans
have an advantage over those that explore the forward-chaining space in that the | atter spaces
aregeneratedina*“goal directed” manner. Hence, such plannersareintrinsically goal directed:
they need never consider actions that are not syntactically relevant to the goal because the
spaces they explore do not include such actions. Partial-order planners have an additional
advantage over simple backward chaining planners in that the objects in their search space
are partially ordered plans. This allows these planners to delay ordering actions until they
detect an interaction between them. Linear backward or forward-chaining planners, on the
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other hand, might be forced into backtracking because they have prematurely committed to
an ordering between the actions.

However, both backward-chaining and partial-order planners search in spaces in which
knowledge of the state of the world is far less complete than in the forward-chaining space.
For example, even if a backward-chaining planner starts with a completely described initial
world and actions that preserve the completeness of this description, it will still have only
incomplete knowledge of the world state at the various points of its search space. Partial or-
der planners also suffer from this problem. The points of their search space are incomplete
partially ordered plans, and at the various stages of an incomplete plan we have only limited
knowledge of the state of the world. On the other hand, the points in the forward-chaining
space are world descriptions. Such descriptions provide alot of information about the world
state, even if the description isincomplete. Aswewill demonstrate in this paper, such knowl-
edge can be effectively utilized to control search in this space.

The choice between the various search spaces has been the subject of much recent inquiry
[BW94, MDBP92], with current consensus seemingly converging on the space of partially
ordered plans,' mainly because of its goal-directness and least commitment attitude towards
action ordering. However, these studies have only investigated simple heuristic search over
these spaces, where domain independent heuristics, like counting the number of unsatisfied
sub-goals, are utilized. Domain independent heuristics cannot take advantage of structural
features that might be present in a particular domain.

Theoretical work [ENS92, Sel94] indicates that for the traditional STRIPS actions used
by aimost all current planners, finding a plan is, in general, intractable. This means that no
domain independent planning algorithm can succeed except in very ssmple (and probably ar-
tificial) domains. More importantly, however, is that there may be many domains where it
isfeasible to find plans, but where domain structure must be exploited to do so. This can be
verified empirically; e.g., the partial order planner implemented by Soderland et al. [SBW90]
cannot effectively generate plansfor reconfiguring more than 5 blocksin the blocks world us-
ing domain independent heuristic search. Nevertheless, the blocks world does have sufficient
structure to make it easy to generate good plans in this domain [GN92].

One way of exploiting domain structure during planning is to use domain information to
control search. Hence, a more practical evaluation of the relative merit of various planning
algorithms and search spaces would also take into account how easy it is to exploit domain
knowledge to control search in that space. The idea of search control is not new, e.g., itis
a prominent part of the PRODIGY planing system [CBE*92]. Our work, however, makes a
number of new contributionsto the notion of search control.

In particular, we demonstrate how search control information can be expressed in afirst-
order temporal logic, and we develop a method for utilizing thisinformation to control search
during planning. By using alogic we gain the advantage of providing aformal semantics for
the search control information. Furthermore, we would claim that this semantics is quite nat-
ura and intuitive. This differentiates our mechanism for search control from classical state-
based heuristics and from the control rulesemployed by the PRODIGY system. PRODIGY con-
trol rules are implemented as a rule-based system. Various rules are activated dependent on
the properties of the node in the search space that is currently being expanded. Theserulesare
activated in a particular order and have various effects. This meansthat any attempt to givea
semantics to these rules would require an operational semantics that makes reference to way
in which the rules are utilized.

By using the forward-chaining search space we end up searching in the space of world de-

L Although, see [VB94] for an refreshing counterpoint.



scriptions. Thisallows usto utilize search control knowledge that only makesreferenceto the
propertiesof theseworlds, i.e., to propertiesof thedomain. Thusthe search control knowledge
used can be considered to be no different from the description of the domain actions: it is part
of our knowledge of the dynamics of the domain. In contrast, PRODIGY control rulesinclude
thingslike binding selection rulesthat guide the planner in deciding how to instantiate actions.
Such rules have to do with particular operations of the PRODIGY planning algorithm, and to
compose such rules the user must not only possess domain knowledge but also knowledge of
the planning algorithm.

Finally, the language in which we express search control knowledge is richer than previ-
ous approaches. Hence, it can capture much more complex control knowledge. In particular,
the control strategies are not restricted to considering only the current state, as are PRODIGY
control rulesand state-based heuristics. They can, e.g., consider past states and pass informa-
tion forward into future states. All of these features make the control information employed
by our system not only easier to express and understand, but also more effective, sometimes
amazingly effective, as we will demonstrate in Section 4.

Using the forward-chaining search space is not, of course, a panacea. It does, however,
seem to better support effective search control. We have already mentioned two reasons for
this: we have access to more information about the world state in this space, and it allows
us to express search control information that is independent of the planning algorithm. We
have also found a third advantage during our experiments. In many domains, humans seem
to possess strategies for achieving various kinds of goals. Such strategies seem to be most of -
ten expressed in a“forward-direction”. This makes their use in controlling forward-chaining
search straightforward, but exploiting them in the other search spaces not always so. Duetoits
support of effective search control, we have found that forward-chaining can in many domains
yield plannersthat are more effectivethan those based on partial order planning or backwards-
chaining regression.

Theforward-chaining search space still suffersfromtheproblemthat itisnot goal directed,
and in many of our test domains we have found that some of the search control information
we added was designed to recapture goal-directedness. Much of this kind of search control
knowledge can be automatically inferred from the operator descriptions, using ideas like those
of [Etz93]. Inferring and learning search control in the form we utilize is an area of research
weare currently pursuing. Oneof the key advantages of using alogic to express search control
knowledgeisthat it opens the door to reasoning with this knowledgeto, e.g., generate further
control knowledge or to verify and prove properties of the search control knowledge. But
again thisavenue is atopic for future research.

In the rest of the paper we will first describe the temporal logic we use to express domain
strategies. We then describe how knowledge expressed in thislanguage can be used to control
forward chaining search. We have implemented our approach in a system we call TLPLAN,
and we describe some of our empirical results with this system next. We close with a sum-
mary of our contributions and a description of some of the extensions to our approach we are
currently working on.

2 First-order Linear Temporal Logic

We use as our language for expressing strategic knowledge afirst-order version of linear tem-
poral logic (LTL) [Eme90]. The language starts with a standard first-order language, £, con-
taining some collection of constant, function, and predicate symbols. LTL addsto £ the fol-
lowing temporal modalities: U (until), O (always), < (eventually), and © (next). Thestandard



formulaformation rules for first-order logic are augmented by the following rules: if f; and
f2 areformulasthenso are f, U f5, O f1, ¢ f1, and O f;. Notethat thefirst-order and temporal
formulaformation rules can be applied in any order, so, e.g., quantifiers can scope temporal
modalities allowing quantifying into modal contexts.

Our planner works with standard STRIPS operators and world descriptions, and it takes
advantage of thefact that these world descriptions support the efficient testing of various con-
ditions. In particular, worlds described as lists of positive literals support the efficient eval-
uation of complex first-order formulas via model-checking [HV91]. Hence, we can express
complex conditions asfirst-order formulas and evaluate their truth in the worlds generated by
forward-chaining. Part of our TLPLAN implementation isafirst-order formulaevaluator, and
TLPLAN allows the user to define predicates by first-order formulas. These predicates canin
turn be used in temporal control formulas, where they act to detect various conditionsin the
sequence of worlds explored by the planner.

To ensure that it is computationally effective to evaluate these first-order formulas and at
the same time not limit ourselves to finite domains (e.g., we may want to use the integersin
our domain axiomatization), we use bounded instead of standard quantification. In particular,
instead of the quantifiersVx or 3z, we haveV[x:y] and 3[z:v], where~ isan atomic formula
whose free variablesinclude . It is easiest to think about bounded quantifiers semantically:
V[xy] ¢ for some formula ¢ holds iff ¢ istrue for al « such that v(x) holds, and J[z:y] ¢
holdsiff ¢ istruefor some x such that v () holds. Computational effectivenessis attained by
requiring that in any world the set of satisfying instances of v befinite.?

The formulas of LTL are interpreted over models of the foom M = (sg, s1,...), i.€, @
sequence of states. Every state s; isamodel (afirst-order interpretation) for the base language
L. Inaddition to the standard rulesfor the first-order connectives and quantifiers, we havethat
for astate s; inamodel M and formulas f; and f5:

e (M,s;) = fiU fyiff thereexistsj > i suchthat (M, s;) = fy andforal k,: <k <y
we have (M, s) = fi: fi istrueuntil f; isachieved.

o (M.s;) = Of iff (M,s41) = fi: fi istruein the next state.
o (M,s;) E Of iff thereexists j > ¢ suchthat (M, s;) = fi: fi iseventudly true.
e (M.s;) =0f ifffordl j > :wehave(M,s;) = fi: fi isawaystrue.

Finally, we say that the model M satisfiesaformula f if (M, so) = f.

First-order LTL allowsusto expressvarious claimsabout the sequence of statesM. For ex-
ample, OOon( A, B) assertsthat in state s, we havethat Aison B. Similarly, O—-holding(C')
asserts that we are never in a state wherewe are holding C', and O(on(B, C') = (on(B,C)U
on( A, B))) asserts that whenever we enter a state in which B ison C' it remains on C' until
Aison B, i.e, on(B, ) ispreserved until we achieve on( A, B). Quantification allows even
greater expressiveness, e.g., V[x:clear(x)]Oclear(x) asserts that every object that is clear in
the current state remains clear in the next state.

We are going to use LTL formulasto express search control information (domain strate-
gies). Search control generally needs to take into account properties of the goal, and we have
found a need to make reference to requirements of the goal inour LTL formulas. To accom-
plish this we augment the base language £ with a goal modality. In particular, to the base

2We also allow ~ to be an atomic formulawithin the scope of a GoOAL modality (described below).

3That is, instead of allowing x to range over the entire domain, we only alow it to range over the elements
satisfying . Thus, the underlyingdomain may beinfinite, but any particular quantification over itisfinite. Also
we allow formulas of the form 3[2:y] where ¢ isimplicitly taken to be TRUE.



language £ we add the following formula formation rule: if f isaformulaof £ then sois
GOAL(f). If the agent’s goal is expressed by the first order formula ¢, then semantically this
modality is a modality of entailment from ¢ and any state constraints. That is, GOAL(f) is
trueiff o A ¢» = f, where ¢ are the set of conditions true in every state, i.e., the set of state
constraints.

However, testing if GOAL(f) istrue given an arbitrary goal formula ¢ is intractable (in
general, it requirestheorem proving). Our implemented planning system TL PLAN alowsthe
goal modality to be used only when goals are sets of positiveliterals, andit computes goal for-
mulas by assuming that these literal sdescribe a“ goal world” using aclosed world assumption.
For example, if the goal is the set of literals {on( A, B), on(B, ')} then these are assumed
to be the only positive literals that are true in the goal world, every other atomic formulais
false by the closed world assumption. For example clear(A) is false in the goal world. In-
tuitively, it is not a necessary requirement of the goal. TLPLAN can then use its first-order
formulaevaluator over this goal world, so the formulaGoAL (J[y:on( A, y)] ) will also evalu-
ateto true. If, however, we had as our goal { P(A)} and the state constraint that in all states
P(A) = Q(A), then, inits current implementation, TLPLAN will incorrectly (according to
the above semantics) conclude that GOAL(()(A)) isfalse. Thatis, TLPLAN cannot currently
handle state constraints over the goal world.

3 Expressing Search Control Information

Any LTL formulaspecifiesaproperty of asequence of states: it is satisfied by some sequences
andfalsified by others. In planning we are dealing with sequences of executable actions, but to
each such sequence there corresponds a sequence of worlds: theworldswe passthrough aswe
execute the actions. These worlds act as modelsfor the language £. Hence, we can check the
truth of an LTL formulagiven aplan, by checking itstruth in the sequence of world visited by
that plan using standard model checking techniquesdevel oped inthe program verification area
(see, eg., [CG8T7]).* Hence, if we have adomain strategy for the goal {on(B, A),on(C, B)}
like“if we achieve on( B, A) then preserve it until on(C, B) is achieved”, we could express
thisinformationasthe LTL formulaC(on(B, A) = on(B, A)Uon(C, B)) and check itstruth
against candidate plans, rejecting any plansthat violate this condition.

What we need is an incremental way of checking our control strategies against the partial
plans generated as we search for acorrect plan. If one of our partial plans violates our control
strategy we can reject it, thus pruning all of its extensions from the search space’® We have
developed a mechanism for doing incremental checking of an LTL formula. The key to this
method is the progression algorithm given in Table 1. In the algorithm quantified formulas
are progressed by progressing al of their instances. This algorithm is characterized by the
following theorem:

Theorem 3.1 LetM = (s¢, s1, .. .) beany LTL model. Then, we have for any LTL formula f,
(M, s;) = fifandonlyif (M, s;11) E fT.

The progression a gorithm admitsthefollowing implementation strategy, usedin TLPLAN.

4LTL formulas actually require an infinite sequence of worldsas their model. In the context of standard plan-
ning languages, where a plan consists of a finite sequence of actions, we can terminate every finite sequence of
actionswithaninfinitely replicated “ do nothing” action. This correspondstoinfinitely replicating thefinal world
in the sequence of worlds visited by the plan.

>Drummond and Bresina in [DB90] explored a similar idea of using temporally extended behavioral con-
straintsto guideforward chaining search. Their approach to expressing and using such information was however
lessformal and less systematic than the approach we present here.



Inputs: AnLTL formula f and aworld w (generated by forward-chaining).
Output: A new formula f*, also expressed asan LTL formula, representing the progression
of f through the world w.

Algorithm Progresy( f,w)
1. Case
2. f=¢ € L(ie, ¢contansnotemporal modalities):

ft :=TRUEif w = f, FALSE otherwise.
f=HhnNf  ff:=Progress fi,w) A Progress fa, w)
f=-/fi [t = —-Progress fi,w)
J=0/: ff=h
f=hrUf:  f*:=Progresy fy,w) V (Progresy fi,w) A f)
J =<0 f* = Progress( fi,w) v f
S =0 f* = Progress( fi,w) A f
. =Y A [ = Asweae) Progress fi(z/c), w)
10. f=3[zvy] fi: [fT:= V ek ()} Progress fi(x/c), w)

©OND U AW

Table 1: The progression agorithm.

Every world generated during our search of the forward-chaining spaceislabeledwithanLTL
formula f, with the initial world being labeled with a user supplied LTL control formulathat
expresses a control strategy for this domain. When we expand aworld w we progressits for-
mula f through w using the given algorithm, generating anew formula f*. This new formula
becomesthe label of all of «w’s successor worlds (the worlds generated by applying all appli-
cable actions to w). If f progressesto FALSE, (i.e., f* is FALSE), then Theorem 3.1 shows
that none of the sequences of worlds emanating from w can satisfy our LTL formula. Hence,
we can mark w as a dead-end in the search space and prune all of its successors.

The complexity of evaluating Clause 2 of the progression algorithm depends on the form
of the world descriptions. It requires us to test an atemporal formulain the current world.
Hence, its complexity depends on two things, the complexity of the atemporal formula and
the form of the world description. If the worlds are incompletely described and represented
simply as afirst-order formulathat characterizes some of its properties, then this clause will
reguire theorem proving to evaluate. If the world is described as aset of atomic formulasand
acollection of horn clauses, and if the formulais quantifier free then evaluating the formula
in the world might still be tractable. The efficiency of this step is important however, as we
must use this algorithm at every world expanded during plan search.

Inour current implementation of TL PLAN we useworldsthat are described as sets of pos-
itiveliterals, and we employ a closed world assumption: every positiveliteral not inthisset is
assumed to be false. In thisway we need make no restrictions on the atemporal formulasthat
can appear in our LTL control formula. In particular, we can use arbitrary first-order formu-
lasin our LTL control. With worlds described by (assumed to be) complete sets of positive
literals, we can employ model-checking instead of theorem proving to determine the truth of
these formulasin any world, and thus evaluate clause 2 efficiently.

4 Empirical Results



| Operator | Preconditions and Deletes | Adds |
pickup(x) ontable(x), clear(z), handempty. | holding(z).

putdown(z) | holding(z). ontable(x), clear (), handempty.
stack (z,y) holding(z), clear(y). on(z,y), clear(x), handempty.
unstack (x,y) | on(z,y), clear(z), handempty. holding(z), clear(y).

Table 2: Blocks World operators.

400 T T T T T

350 - SNLP — ]
300 [ 1
250 [ ]
200 [ P
150 N
100 [ -

Time (CPU sec.)

50 | -

o | | [ 7 1
0] 1 2 3 4 5 6

Number of Blocks
Figure 1. Performance of blind search in the blocks world

BlocksWorld.  Ouir first empirical resultscomefrom the blocksworld, which we describe us-
ing the four operatorsgiven in table 2. If we run our planner with the vacuous search control
formulaOTRUE®, and exploring candidate plans in a depth-first manner, rejecting plans with
state cycles, we obtain the performancegivenin Figure 1. Each data point representsthe aver-
agetimerequired to solve 5 randomly generated blocksworld problems (in CPU seconds on a
SUN-1000), wheretheinitial state and the goal state were independently randomly generated.
The same problemswere also run using SNLP, apartial order planner [MR91, SBW9(], using
domain independent heuristic search. The graph demonstrates that both of these planners hit
acomputational wall at or before 6 blocks.” SNLP failed to solve 4 of the six block problems
posed; the times shown on the graph include the time taken by the runsthat failed.®

This shows that domain independent heuristic search does not work well in this domain,
even for the sophisticated SNLP agorithm. Domain independent heuristics have difficult ex-
ploiting the special structure of blocks world.

Nevertheless, the blocks world does have a special structure that makes planning in this
domain easy [GN92], and it is easy to come up with effective control strategies. A basic one
isthat towers in the blocks world can be build from the bottom up. That is, if we have built
a good base we need never disassemble that base to achieve the goal. We can write a first-
order formulathat defines when ablock « is a good tower, i.e., a good base that need not be

5This formulais satisfied by every sequence, and hence it provides no pruning of the search space.

“We can note that with 5 blocks and a holding predicate there are only 866 different configurations of the
blocksworld. This number jumps to 7057 when we have 6 blocks, and to 65990 when we have 7 blocks.

8That is, SNL P exceeded the resource boundswe set (on the number of nodesin the search treg). Notethat by
including these times in the data we are making SNLP's performance seem better than it readly is: SNLP would
have taken strictly more time to solve these problems than the numbers indicate. The same comment appliesto
the tests described below.



disassembl ed.

goodtower () 2 ¢ ear(x) A goodtowerbelow( )

goodtower below(x) 2 (ontable(z) A =GOAL (J[y:on(z,y)] V holding(z)))
V J[y:on(x, y)] ~GOAL(ontable(x) v holding(x)) A ~GOAL(clear(y))
AY[z:GOAL(on(x,2))] z = y AV[2:GOAL(on(z,y))] z =
A goodtower below(y )

A block « satisfies the predicate goodtower () if it is on top of atower, i.e., it is clear, and
the tower below it does not violate any goal conditions. The various tests for the violation of
agoa condition are given in the definition of goodtowerbelow. If z is on the table, the goal
cannot require that it be on another block y nor can it require that the robot be holding =. On
the other hand, if = is on another block y, then = should not be required to be on the table,
nor should the robot be required to hold it, nor should y be required to be clear, any block that
isrequired to be below = should be y, any block that is required to be on y should be x, and
finally the tower below y cannot violate any goal conditions.

Our planner can take this first-order definition of a predicate (rewrittenin Lisp syntax) as
input. And we can then use this predicate in an LTL control formula where during the oper-
ation of the progression algorithm (Table 1) its first-order definition will be evaluated in the
current world for various instantiations of its“ parameter” . Hence, we can use a strategy of
preserving good towers by setting our LTL control formulato

O (v[x:clear ()] goodtower () = Ogoodtowerabove(x))., (1)

wherethe predicate goodtower aboveis defined inamanner that issymmetric to goodtower bel ow.
Inany world the formulawill pruneall successor worldsinwhich agood tower = isdestroyed,
either by picking up = or by stacking a new block y on x that resultsin a violation of a goal
condition. Note also that by our definition of goodtower, atower will be agood tower if none
of its blocks are mentioned in the goal: such atower of irrelevant blocks cannot violate any
goal conditions. Hence, this control rule also stops the planner from considering actions that
unstack towers of irrelevant blocks.

What about towers that are not good towers? Clearly they violate some goal condition.
Hence, there is no point in stacking more blocks on top of them as eventually we must disas-
sembl e these towers. We can define:

badtower () S clear(x) A —~goodtower ()
And we can augment our control strategy to prevent growing bad towers, by using theformula:

O (V[w:clear(x)] goodtower () = Ogoodtowerabove(x) )
A badtower () = O(~3[y:on(y, )] ))

This control formula stops the placement of additional blocks onto a bad tower. With this
control formulaonly blocks on top of bad towers can be picked up. Thisiswhat we want, as
bad towers must be disassembled. However, asingle block on the table that is not intended to
be on the table is also abad tower, and there is no point in picking up such ablock unlessits
final positionisready. Addingthisinsight we arriveat our final control strategy for the blocks
world:
O(V[w:clear(x)] goodtower () = Ogoodtowerabove(x) ?3)
A badtower (z) = O(—3[y:0n(y, )] )
A (ontable(x) A 3[y:GOAL(on(x, y))] ~goodtower (y))
= O(~holding(x)))
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Figure 2: Performance of search control in the blocksworld

The performanceof our planner with thesethreedifferent control formulasisshowninFig-
ure 2. Asin Figure 1 each data point represents the average time taken to solve 5 randomly
generated blocks world problems. This figure aso shows the performance of the PRODIGY
planner on these problems. This planner, like TLPLAN, was run with a collection of hand
written search control rules. In this domain our method proved to be more effective than that
of PRODIGY. Infact, itisnot difficult to show that thefinal control ruleyieldsan O(rn*) blocks
world planner (where n is the number of blocks in the world). In particular, the planner can
find anear optimal plan (at most twice the length of the optimal) using depth-first search with-
out ever having to backtrack. Furthermore, thereis always an optimal plan admitted by this
control formula. Hence, if we employ breadth-first search our planner will find an optimal
plan. However, finding an optimal plan is known to be NP-hard [GN92].

PrRODIGY employed 11 different control rulessome of which have similar intuitive content
to our control formulas, but with othersthat required an understanding the PRODIGY planning
algorithm. We would claim that our final control formulais easily understood by anyone fa-
miliar withtheblocksworld. PRODIGY doesend-meansanalysis, so at every nodeinitssearch
spaceit has available aworld description. It would be possible to use our control formulason
thisworld description. However, most of the search performed by PRODIGY isagoal regres-
sive search to find an action applicable to the current world. It is this part of the search that
seems to be hard to control.

Bounded Blocks World.  We have a so implemented abounded blocksworld in which the ta-
ble has alimited amount of space. Dealing with resource constraints of thiskind isfairly easy
for aforward-chaining planner, but much more difficult for partial order planners.” A strategy
capable of generating good plansin polynomial time can be written for thisdomain also, but it
is more complex than our strategy for the unconstrained blocks world. But even very simple
strategies can be amazingly effective. With no search control at all TLPLAN took an average
of 470 CPU seconds to solve 10 different randomly generated six block problems when the
table had space for 3 blocks. When we changed the strategy to asimple “trigger” rule (trigger
rules are rules that take advantage of fortuitous situations but do not attempt to achieve these
situations) the average dropped to 0.48 seconds! The particular rule we added was. whenever
ablock is clear and its final position is ready, move it there immediately. Thisruleis easily
expressed asan LTL formula. Figure 3 plots the average time taken by TLPLAN to solve 10

“Resource constraints are beyond the capabilities of SNLP, but see [YC94] for a partial order planner with
some ability to deal with resource constraints.



400 I I T | | | 4
350 - B .
300 [ : .
250 |- y .
200 , .
150 - - .

Time (CPU sec.)

100 |- e No Control —— |
L Pra Tigger Rule -----
50 -7 Complete Strategy - -

el === l l l I
0 5 10 15 20 25 30 35 40
Number of Blocks

Figure 3: Performance of TLPLAN in the bounded blocks World

random n block reconfiguration problems in the bounded blocks world where the table has
space for 3 blocks. The graph shows TLPLAN’s performance using no control knowledge,
the simple trigger rule given above, and a complete backtrack-free strategy.

ScheduleWorld.  Another domain we have tested is the PRODIGY scheduling domain. This
domain has alarge number of actions and the branching factor of the forward chaining space
islarge. Nevertheless, we were able to write a conjunction of natural control formulas that
allowed TLPLAN to generate good schedules without backtracking. In this domain the task
isto schedul e acollection of objectson various machinesto achieve various machining effects.
Oneexampleof thecontrol formulasweusedis, V[ :0bject(x )] O(polish(z)AO—polish(z)) =
OO-polish(z), where polish istrue of an object « if = isbeing polished in the current world.
Thisformulaprohibits action sequences where an object is polished twice (basically the tran-
sition from being polished to when polishing stops prohibits future polishing). Another use
of the control formulas was to detect impossible goals. For example the formula

V[x:0bject(x)] V[s:GOAL (shape(x, s))] s = cylindrical vV Oshape(z, s).

In the domain the only shape we can create are cylinders. This formula, when progressed
through the initial state, checks every object for which the goal mentions a desired shape to
ensure that the desired shapeis cylindrical. If it is not then the object must have that shapein
the current state (i.e., inthe initial state) and in all subsequent states. Hence, when we pose a
goal such as shape( A, cone), the planner will immediately detect the impossibility of achiev-
ing this goal unless A starts off being cone shaped. The performanceof TLPLAN and SNLP
(using domain independent heuristics) is shown in Figure 4.'° The data points in the figure
show the averagetimetaken to solve 10 random problems. The x-axisplotsthe number of new
featuresthe goal requires (i.e., the number of machining operationsthat must be scheduled).'!

In the experiments the number of objects are just sufficient to allow goalsinvolving that num-

ber of new features (in thisdomain we can only add alimited number of new featuresto each
object). TLPLAN was able to solve all of the problems at each data point. However, SNLP
failed to solve 4 of the 3 new feature problems.

10We were unable to obtain the PRODIGY control rules for this domain and for the Tyre world. Hence, we
omitted PRODIGY from this comparison.

nthistest we did not pose any impossible goals; so did not take advantage of the TL PLAN control formulas
designed to detect impossible goals.
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Figure 4. Performance in the Schedule world.

TyreWorld. Theflat tyre domain due to Russell (see [SBW9Q]) is the final domain we will
discussin this paper. In this domain the general task is to change aflat tire with a sequence
of actions involving jacking the wheel up, loosening and tightening nuts, etc. The branch-
ing factor in this domain is large in both the forward and the backward directions. A set of
TLPLAN control formulas was written that included a collection of natural strategieslike not
putting away useful tools (e.g., thewrench and thejack) until finished with them; not removing
wheels not required to be changed by the goal; keeping the hub jacked up until the wheel has
been changed, etc. All of these strategies were easily expressed in the LTL language. Inthis
domain some subgoals, like having an intact tire, entail a number of other subgoals. So ran-
domly selecting some number of subgoals does not yield a reasonable experiment. Instead,
for every n we constructed a goal that involved more and more of the subgoals required to
change a tire. (For larger »n the goals required changing more than a single tire). We tested
SNLP and TLPLAN on these goals. For SNLP, we could vary the difficult of the goal by per-
muting the ordering of the subgoals. So for SNLP we computed the average run time over a
collection of randomly generated permutations of the subgoals. However, TLPLAN is com-
pletely independent of subgoal ordering. Hence, for TLPLAN this meant that for each » we
had only a single problem. The performance of TLPLAN, and SNLP in this experiment is
shown in Figure 5. The problems shown in the figure were small enough that SNLP was able
to solve al of the random permutations of the subgoals over which their time average was
computed. Another test we performed in this domain was to duplicate the test described by
Barrett and Weld [BW94]. This problem was originally described by Russell and involved re-
placing aflat tireand eventually putting away theoldtireand all of thetools. SNLP isaboveto
solvethis problem quickly under “trivially serializable” subgoal orderings, but can take avery
long time under “non-serializable” orderings.'? Testing a set of 10 random permutations that
were trivially serializable we found that SNLP took an average of 30 CPU seconds to solve
this problem on our machine. On the non-serializable orderings SNLP took over 2000 CPU
seconds without finding a solution for 8 of the 10 problems. TLPLAN took around 1.3 CPU
seconds on all of these orderings. TLPLAN isindependent of the subgoal ordering; the vari-
ance in its performance over the different orderings was due only to dynamic changesin the
environment at the time the run was executed.

It isimportant to note that we are not using our experimentsto claimthat TLPLAN isasu-
perior planner to SNLP (or PRODIGY). Afterall, intheexperimentsdescribed above, TLPLAN

12See [BW94] for a full explanation of this terminology. Basically, trivialy serializable orderings are easy
orders for goal-directed planners, while non-serializable orderings are hard.
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Figure 5: Performance in the Tyreworld

is being run with extensive control knowledge while SNLP was not. Hence, it should be ex-
pected to outperform SNLP. What we are claiming is that (1) domain independent heuristic
search in real domains is totally inadequate, (2) planning can be effective in these domains
with the addition of natural domain dependent search control knowledge, and (3) the TLPLAN
approach to search control knowledge in particular is an effective way to utilize such knowl-
edge. These points are borne out by the data we have presented. We have only incomplete
evidence, given from the blocks world, that our approach to specifying search control knowl-
edge is superior to PRODIGY’s. However, we are currently engaging in a more systematic
comparison. What is very clear at this point however, is that our LTL control formulas are
much easier to understand, and their behavior easier to predict, than PRODIGY control rules.

In conclusion, we have demonstrated that search control knowledge for forward chaining
planners can be expressed in alogical formalism and utilized effectively to produce efficient
planners for a number of domains. We are currently working on extending our planner so
that it can plan for temporally extended goals (e.g., maintenance goals) and quantified goals.
TLPLAN isnot yet capable of generating plans that satisfy all such goals. Thisisdueto its
handling of eventuality goalslike Op. If we pose the goal ¢, then our current implementation
will search for aplan whosefinal state satisfies q. The temporal formula<p will be used only
as a search control formula, and since it involves only an eventuality that can be postponed
indefinitely, this will have no pruning effect. Hence, our implementation could return a plan
that achieves ¢ in the final state but never passes through a state satisfying p. A more sophis-
ticated implementation is required to ensure that eventualities are eventually satisfied and not
postponed indefinitely. In addition, we are working on applying our planner to some practical
problem domains. Finally, as mentioned above, we are working on automatically generating
search control knowledge from operator descriptionsalong the lines of [Etz93], and on amore
systematic comparison with the PRODIGY system.
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