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Abstract
PRODIGY’s
planning algorithm uses domain-independent search heuristics. In this paper, we support our
that there is no ~ search heuristic that performs more efficiently than others for all problems
or in all domains. The paper presents three diIFerent domaln-independent
search heuristics of increasing
complexity. Werun PRODIGY
with these heuristics in
a series of artificial domms(introduced in (Barrett
&Weld1994)) wherein fact one of the heuristics performs more eBicient]y than the others. However,we
introduce an additional simple domainwhere the apparently worst heuristic outperforms the other two.
The results we obtained in our empirical experiments
lead to the main conclusion of this paper: p]~-ming
algorithms need to use different search heuristics in
difereat domains. Wecoac]ude the paper by advocating the need to learn the correspondencebetween
particular domaincharacteristics and specific search
heuristics for planning efficiently in complexdomains.
Introduction
PRODIGY
is an integrated architecture for research in
planning and learning (Carbonell, Knoblock, &Minton
1990). The focus of the PRODIGY
project has been on
understanding how an AI planning system can acquire
expertise by using different machine learning strategies. Like all planning systems, PRODIGY
needs to be
able to efficiently handle multiple interacting goals and
different ways of achieving goals. In this sense, planning involves deciding amongavailable choices.
Every planning algorithm uses some heuristic strategy to control its decision-making process. It could be
argued that there exists a best planning heuristic that
performs effectively for any general-purpose planning
*This research is sponsored by the Wright Laboratory,
Aeronautical Systems Center, Air Force Materiel Comm~md,USAF,and the AdvancedResearch Projects Agency
(ARPA)under grant number F33615-93-I-1330. The views
and conclusions contained in this documentare those of
the authors and should not be interpreted as necessarily
representing the oflicinJ poficies or endorsements,either
expressed or implied, of Wright Laboratory or the U. S.
Government.
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domain. Werethat the case, there would be little or no
need to analyze or learn domain and problem characteristics. However,this paper supports our belief that
there is no single domain-independent search heuristic that performs more efficiently than others for all
problems or in all domains.
In the next section we present PRODIGY’s planning algorithm and three different domain-independent
search heuristics of apparently increasing complexity.
After this we show the empirical results we obtained by
running PRODIGY
with these different heuristics. We
test them in a series of artificial domains(introduced
in (Barrett & Weld 1994)) in which one of the heuristics performs more efficiently than the others. However, we introduce an additional simple domain, representative of a large class of domains, for which the
apparently worst heuristic outperforms the other two.
This example supports our claim that there is not a
universally best heuristic. Our heuristics, which we
compare with other planners in the following section,
expend different levels of effort in analyzing interactions amongoperators. Weconclude the paper by advocating the need to learn the correspondence between
particular domain characteristics and specific search
heuristics for planning efficiently in complexdomains.
Domain-Independent
Search
Heuristics
in PRODIGY
PRODIGY’S
planning algorithm can be described as a
means-ends analysis planner in the sense that it uses
its internal state of the world to identify what goals it
needs to plan for. It changes the state when it finds
a plan to achieve a goal. These changes in state are
PRODIGY’S way of simulating the execution of a plan
during the planning process. Because it commits to a
particular execution order while planning, PRODIGY
is
a totally ordered planner. Table 1 shows the skeleton
of PRODIGY’s
planning algorithm.
This simplified version of PRODIGY’salgorithm
can be captured by the following regular expression:
(Subgoal Apply*)*. In this context, "Subgoal," corresponding to steps 3 and 4 in table 1, means to choose
a goal for which to plan. "Apply," as in step 5, means
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1. Terminate if the goal statement is satisfied in the
current state.
2. Computethe set of pending goals {7, and the set
of applicable operators ~4. A goal is pending if it is
a precondition, not satisfied in the current state,
of an operator selected to be in the plan to achieve
a particular goal. An operator is applicable when
all its preconditions are satisfied in the state.
3. Choose a goal G from ~ or select an operator A
from ,4.
4. If G has been chosen, then
¯ Ezpandgoal G, i.e., get the set O of relevant
ins~antia~ed operators that could achieve the
goal G,
¯ Choose an operator O from 0,
¯ Go to step 1.
5. If an operator A has been selected as directly applicable, then
¯ Apply A,
¯ Go to step 1.

1. Terminate if the goal statement is satisfied in the
current state.
2. Computethe set of pending goals ~.
3. Choose a goal G from g.
¯ Ezpandgoal G, i.e., get the set O of relevant
instantiafed operators that could achieve the
goal G,
¯ Choose an operator O from O.
¯ Let A=Obe the current operator.
4. If A is directly applicable in the current state,
then
¯ ApplII A,
¯ Identify a new possible applicable operator A.
¯ Go to step 4.
5. Go to step 1.

Table h A skeleton of PRODIGY’S
planning algorithm
and choice points.

Delayed

to change the internal state. Since PRODIGY
uses the
state to decide which goals still need to be achieved
(step 2), it makes a difference whether or not PRODIGY
applies an operator at a given time.
In this paper we analyze three different domainindependent search heuristics that PRODIGY
uses to
control the decision of when to subgoal and when to
apply an operator, i.e, how to simulate the execution
of a plan. The heuristics represent different levels of
effort in analyzing interactions amongoperators when
selecting an ordering.
Eager

state

changes

The first heuristic corresponds to the situation in which
PRODIGY
eagerly applies an operator as soon as it
becomes applicable. We name this heuristic SAVTA,
standing for "Subgoal After every Try to Apply."
SAVTA
corresponds to the following behavior: PRODIGY
expands goals and changes the state as soon as it finds
a plan that achieves a particular goal. Here, PRODIGY
applies operators as soon as they become applicable;
it only subgoals after it has applied every possible operator. Table 2 shows PRODIGY’splanning algorithm
when using SAVTA
as its heuristic to control the decision of when to change its state. Notice that PRODIGY
loops in step 4 until no more operators are applicable.
The assumption underlying SAVTA’S
behavior is that
an immediate change in state will generally lead to a
more informed planning situation. SAVTA
expects that
the changes in state achieve the goals for which the
operators were selected. Furthermore, SAVTA
expects
that these changes will not prevent other pending goals
from being achieved.

Table 2: PRODIGY’S
planning algorithm using SAVTA.
PRODIGY 8ubgoais
after it has applied every possible
applicable operator.
state

changes

The other two heuristics maximally delay the possible
changes in state, i.e., they only apply operators when
there are no pending goals. Wename both of these
heuristics SABA,standing for "Subgoal Always Before
Applying." The SABA
heuristics share the following behavior: PRODIGY
changes the state only after there are
no more goals to expand. Here PRODIGY builds up a set
of applicable operators from which to choose. The two
SABA
heuristics differ in the way they deal with this set
of applicable operators. The first, SABA-reactive, selects an operator to apply based solely on the current
set, while the second, SASA-memory,takes past sets
of applicable operators into account. Table 3 shows
PRODIGY’s
planning algorithm following the SABAbehavior. Notice that PRODIGY
may have to enter the
loop in step 3 more than once, since some goals may
need to be reachieved.
Were PRODIGY
to just apply the applicable operators
in the order in which they were discovered, the SABA
heuristics would be quite similar to SAVTA.However,
by spending a little bit of effort examiningthe interactions among applicable operators, PRODIGY Can often
apply them in a better order.
With the SABA-reactive heuristic, PRODIGY
only examines the currently applicable operators when deciding which one to apply. In effect, PRODIGY
checks for
an operator that satisfies two conditions. First, an operator should not delete any preconditions of any of the
other applicable operators. Second, no other operators
should delete any effects of the operator. Further, if
none of the applicable operators satisfy both of these
conditions, SAEA
gives preference to the first condition.
By using the two conditions mentioned above,
PRODIGY
may increase its chances of successfully applying operators without having to backtrack. These
conditions guide PRODIGY
through the search space,
STONE
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1. Terminate if the goal statement is satisfied in the
current state.
2. Computethe set of pending goals G.
3. If (~ is not empty then
¯ Choose a goal G from Q and remove G from

g.

¯ Ezpandgoal G, i.e., get the set O of relevant
instantiatcd operators that could achieve the
goal G,
¯ Choose an operator O from O.
¯ Go to step 3.
4. Computethe set of applicable operators ,4.
5. Select an operator A from *4.
¯ Apply A.
¯ Go to step 1.
Table 3: PRODIGY’S
planning algorithm using SABA.
PRODIGY
always subgoals before applying any operators.
possibly helping it find a more direct path to the solution. However, they do not prune PRODIGY’S search
space.l
Like SABA-reactive, SASA-memory
first checks to see
if any operator satisfies the same two conditions: the
operator doesn’t delete any preconditions, and its effects are never deleted. However, when no operator
satisfies these conditions, it examinesthe interactions
amongoperators more deeply. It uses a bias to maintain its focus of attention by preferring operators that
work towards the same goal as the most recently applied operator did. The most interesting difference between the two heuristics is that, as indicated by its
name, SABA-memory
saves the information it extracts
from this examination and uses it for future choices.
Using SABA-memory,PRODIGY
can thus choose an operator based on past interactions between operators,
even if they are no longer apparent in the current list
of operators.
One can view the heuristics we have examined in
this section as representing different patterns of commitment strategies in search. SAVTA commits eagerly
to the order of applying operators, and delays commitment to the choice of operators. In contrast, the
SABAheuristics delay commitment to step ordering,
but commit eagerly to the operators used to achieve
goals.

Domain-Dependence of the Heuristics
Weempirically compare the performance of our three
heuristics in a set of artificial domainscreated by Barrett and Weldfl These domains were devised to invesawe have also created a version of SABA
that prunes the
search space whenit is provably impossible to be deleting
a solution from the space.
2Weuse D°Sz , DInS1, Dz S!*, and DInS2. as presented
in detail in (Barrett &Weld1994) and in (Baxrett & Weld
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tigate the relative performance of planners that reason
about a partial order of plan steps and those that use
a total order. The domains were used to test the hypothesis that a set of serializability properties play a
key role in predicting performance. Barrett and Weld
found that their two total-order planners performed
poorly in these domains. Since Prodigy uses a total
order we were interested in its performance on this set
of domains. Wehave also been testing our heuristics
in a set of classical domains.
Weran all of our tests on a SPAIgCstation. In each
domain, we generated random problems having one to
fifteen goals: ten problems with each number of goals.
Weused these same 150 problems to test each of the
three heuristics. To get our data points, we averaged
the results for the ten problems with the same number
of goals. Wegraph the average time that PRODIGY
took to solve the problems versus the number of goals.
D°SI: all heuristics
work
D°S1 is a domain in which all goals are independent.
sEachof the fifteen operators looks like:
Operator
preconds adds deletes

A,

{1d

{G,}

{}

¯ Since none of the operators delete anything, it does not
matter in what order the goals are solved, or in what
order the operators are applied. In this case, all three
heuristics perform roughly linearly 4 (Figure 1). Note
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Figure 1: PRODIGY’8performance
heuristics in domain IDOs

with different

that the SABA heuristics have some overhead involved
in choosing from amongseveral applicable operators,
so that SAVTA
slightly outperforms the SABAS.However, since we are mostly interested in the orders of the

1993).

aln all domainsdescribed in this paper, li are true in
the initial state, and Gi are goals to be achieved.
4Althoughthe time is not linear, it is significantly subquadratic. The numberof nodes searched, however, is perfectly linear in the numberof goals since PRODIGY
does not
have to backtrack. This type of lineaxity holds in all other
cases where we mention sub-quadratic time behavior.
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graphs,
the three heuristics essentially perform equally
well.

DInS 1 and D1S1*: SAVTAfails
DInS1 and DIS1. are two domains in which the order
of application matters. 5 The operators in D"S1 look
like:
Operator
preconds adds
deletes
{lj}
ii
{Gi} {Iil j < i}
Since each operator deletes the preconditions of all Ol>erators numerically before it, these operators can only
be applied in increasing numerical order. Similarly,
the operators must be applied in a particular order in
DxSl*. This domain has the following operators:
Operator
precouds
adds deletes

i

{P.}
it.}

{a.}
{P.}

{11)
{}

In DxS1., G, is an additional goal in every problem.
Since SAVTA applies operators as soon as they become applicable,
PRODIGYcan end up backtracking
heavily when using thin heuristic.
For instance in
DInS1, suppose we give PRODIGY the problem to attain G7 and G4 with Iv and 14 true in the initial
state. PRODIGY
will begin by finding that operator
Av achieves GT, and then will immediately apply Az.
However, A7 deletes 14. Thus, when PRODIGY next
tries to solve G4, it will fail and need to backtrack.
With more than two goals, this problem is compounded
exponentially (Figure 2).
On the other hand, the two SABAheuristics choose
the operators to apply more carefully. Using the same
example, PRODIGY
still finds that Az achieves GT, but
now before applying AT, it finds that A4 achieves G4.
Then, noticing that A7 deletes 14, PRODIGY
realizes
that A4 must be applied before Az. In this way,
PRODIGY
avoids having to backtrack. In fact, in both
of these domains, PRODIGYavoids having to backtrack at all, resulting in sub-quadratic performance
in the number of goals (Figure 2). Thus, for 1DInS
and D1Sx* (both laboriously serializable according to
Barrett and Weld), PRODIGY
with either of the SABA
heuristics performs well.
DINS2*: SABA-reactive fails
D"S~* is a domain in which SABA-memoryclearly
outperforms both SAVTAand SASA-reactive. As in
DxSt*,G. is always one goal of a problem. Here the
operators look like:
Operator preconds adds
deletes

A~

{Pi}

{G~}

A,

{I,}

{G,}

} i
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Figure 2: PRODIGY’sperformance with different
heuristics in domains D"SI (a) and DxSI* (b)
Note that with two goals plus G., the optimal ordering
2.
of operators is A~, A], A., A12, A
In this domain, SABA-memory
is the best of our three
heuristics. SAVTA
performs poorly for the same reason
as in the previous three domains. Howeverhere, SABAreactive also performs poorly (Figure 3). The essential reason for SABA-reactive’sfailure is that after the
first operator is applied, every applicable operator either deletes a precondition of another operator, or has
an effect deleted by another operator. Furthermore,
several of the applicable operators only have an effect
deleted (thus giving them priority according to SASAreactive’s two conditions). Since several operators end
up with equal priority, SABA-reactive ends up making
arbitrary choices. SASA-memory
rectifies this situation by analyzing more deeply the interactions among
operators, and thus achieving the optimal order without backtracking. In particular, SASA-memory’s
use of
past applicable-operator lists allows it to exhibit subquadratic behavior in the number of goals (Figure 3).

{PilJ < i}
{Ii[¥i} U {G~IVi}

SDmS2 from (Barrett
& Weld 1994) is another such domain. We ran the same experiments
on this domain and

achieved .,~u]ts simUa~to those for DInS1 1..
and DIS

D°-side-effect:
The SABA’S fail
In every domain to this point, SAeA-reactive has performedat leastas wellas SAVTA, and SASA-memory
hasperformed
at leastas wellas SABA-reactive.
HowSTONE
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Figure 3: PRODIGY’S performance
2.
heuristics in domain D"S

with different

ever, we are not trying to argue that SABA-memory
is a universally ideal heuristic for PRODIGY.
On the
contrary, we argue that there is no such thing as a
universally ideal search heuristic for any planner: the
best type of search depends at least on the domain, and
probably on the problem as well. To this end, we now
present a simple domain in which SAVTA
outperforms
both of the SABAheuristics.
This domain represents
the class of domains where one operator opportunistically adds several different goals.
D°-side-effect is a domain in which it is advantageous to apply an operator as soon as possible. There
is only one operator in this domain:
deletes
preconds
adds
Operator
A
{}
{Gil0 < i <_ 15} {}
Here all the goals are achieved by this one operator.
Using the SABAheuristics in this domain, PRODIGY
subgoals on each of its goals before it ever applies the
operator. Then, it applies the operator once and is
done. In this case, PRODIGY behaves linearly in the
number of goals it needs to solve (Figure 4).
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Figure 4: PRODIGY’S performance
heuristics in domainD°-side-effect
Using the SAVTA
heuristic,
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however, PRODIGY
solves

problems in this domain in constant time, i.e. independent of the number of goals (Figure 4). Since the
same operator achieves all goals, PRODIGY
nowdiscovers that this operator achieves its first goal and immediately applies the operator, thus solving all its other
goals as well.
Another class of domains where SAVTA
outperforms
the SABA
heuristics is those in which there are several
different operators that can achieve a goal. Here the
SABAheuristics run into problems because PRODIGY
chooses operators that are appropriate in the current state; however, the state may be different when
PRODIGY
tries to apply them. Wehave also created
and tested such a domain, achieving similar results,
where SAVTA
outperforms the SABAheuristics.
Discussion
We have shown that different
domain-independent
search heuristics work best in different domains. In
particular,
SABA-memory
works best in Dos1, 1,
DInS
DzS1., and D"S~*, while SAVTAis more appropriate in D°-side-effect. The cyclical dominancerelationships amongthe different heuristics supports our belief that no domain-independent search heuristic dominates others across all domains(Figure 5).
L~Mt-zesat£ve

Dr~2t

8ASA.-mlozy

Figure 5: The cyclical dominancerelationships of our
heuristics.
An arrow from x to y means that heuristic x performs better than heuristic y in the indicated
domain(s).
Again, we are not trying to suggest that SABAmemory is a "better"
heuristic
than SAVTA.Instead, we believe we have evidence that no heuristic
is appropriate for all problems and in all domains.
Thus we are interested in trying to discover which
domain-independent heuristics are best for which domains (for related work, see (Ginsberg & Geddis 1991;
Minton 1993)). We would like to extend PRODIGY’s
learning strategies to include the ability to decide for
itself which domain-independentsearch heuristic to use
in which situation.
Our results suggest that the SABA heuristics work
best for problems in which operators for different goals
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best
for problems in which operators fortuitously achieve
Wehave examined the performance of three search
goals other than those for which they were chosen.
heuristics on a set of artificial domains. The results
SAVT, is also more appropriate
than the SABA
showthat none of the heuristics leads to better perforheuristics for problems in which the correct choice of
mance in all the domains: no heuristic dominates the
operator to achieve a goal depends on the state at the
others. It is our belief that no simple search heuristime it is going to be applied. Perhaps there is a bettic will provide good performance in every domain for
ter heuristic than SAVTA
to handle cases such as these.
a domain-independent planner. Rather than being a
negative view, this leads us to continue looking for a
And there are certainly more heuristics that work well
better understanding of the mapping between domains
in domains that we have not yet explored. In any case,
we feel it is nowclear that planners should have a liand heuristics and for learning methods that can debrary of different domain-independent search heuristermine and make use of this mapping.
tics that they can use for different problems and for
For example, features such as the ones discussed
to explain the different performance of the heuristics
different domains.
could be measured relatively cheaply. Future domainindependent planners should therefore be able to make
PRODIGY and Other Planners
intelligent choices about which commitment strategy
to use based on the domain. Learning will be necessary
Webriefly consider the relationship between PRODIGY in part because the correct search technique may deand the three simple planners tested by Barrett and
pend as muchon the distribution of problems in the doWeld on the same domains that we use in this pamain as on its structure. In any case, this paper estabper (Barrett & Weld 1993; 1994). These are POOL,
lishes the clear need for different domain-independent
which maintains a partial order of applicable operators
search heuristics in general purpose planners.
and uses "causal links" to maintain goal protections,
TOOL,which also uses causal links hut maintains apReferences
plicable operators in a total order, and ToPI, which
Barrett, A., and Weld, D. S. 1993. Characterizing
maintains applicable operators in a total order and resubgoal
interactions for planning. In Proceedings of
stricts applicable operators to be added to the front of
IYCAI-9$, 1388-1393.
the list (the "Pl" stands for "prior insertion"). Barrett
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planning:Evaluating possible efficiency gains. Artifiany of these planners, but extend a relationship becial Intelligence 67(1).
tween planners and domains--serializability--to
one
that captures the behavior of the planners on these
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domains without heuristics.
1990. Prodigy: An integrated architecture for planning and learning. In VanLehn,K., ed., Architectures
In order to compare PRODIGY
with these planners,
for Intelligence. Hillsdale, NJ: Erlbaum. Also Techwe must point out an assumption made by Barrett and
nical Report CMU-CS-89-189.
Weld that does not hold for PRODIGY:
that partially
ordering operators is synonymous with delaying comGinsberg, M. L., and Geddis, D. F. 1991. Is there
mitment to operator ordering. These two capabilities
any need for domain-dependent control information?
occur together in their planners, since POOLhas both
In Proceedings of the Ninth National Conference on
and TOOL and TOPI have neither.
PRODIGY, however,
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is able to delay commitmentto ordering without using
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a partial order for operators. Whenit expands subsatisfaction problems: A ease study. In Proceedings
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the total ordering of these operators when more information is available.
Like TOPI, PRODIGY
adds operators to the beginning
of the total order when it commits to the ordering of
an operator. Howeverit also uses causal links similar
to those of POOLand TOOLin a backtracking strategy
that significantly reduces the search space.
Barrett and Weld show experimentally that POCL
can perform exponentially better than TOCLand TOPI
in some domains and attribute this success to POOL’S
use of a partial order. Our results showthat it may, in
fact, have more to do with the ability to delay ordering
commitment.
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