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Abstract

Significant advances have been made in heuristic search
for classical planning in the last six years. Most of these
planners use A* style search. We report on two sound
and complete domain-independent classical planners AWA*
(Adjusted Weighted A*) and MAWA* (Modified AWA*) in
this paper. AWA* is the first planner to use node-dependent
weighting in A*. MAWA* uses a two-phase heuristic evalu-
ation. MAWA* applies node-dependent weighting to a sub-
set of the nodes in the fringe, after the two-phase evaluation.
We report on an empirical comparison of AWA*, MAWA*
with classical planners AltAlt, FF and STAN 4. Both AWA*
and MAWA* outperform AltAlt and STAN 4. Both AWA* and
MAWA* solve many problems that FF does not. The ideas
in AWA* and MAWA* are general enough to be applicable
in solving other planning problems like temporal planning
and planning with resources and numerical variables.

1 Introduction

Significant advances have occurred in heuristic search
for classical planning in the last six years. These are clear
from the success of planners FF [6], HSP-2 [3], and Al-
tAlt [9] at the international planning competition in 2000
[1]. HSP-2 and AltAlt carry out weighted A* (WA*) style
search. WA* style search has been also used by planner
Sapa for planning in domains containing metric time and
resource quantities [4].

HSP-2, Sapa and AltAlt keep the weight in WA* fixed
throughout the search. Current planners use the same
heuristic to evaluate all nodes in the fringe. Changing
weights in WA* can be advantageous. Using different
weights for different nodes can provide better search con-
trol without loss of completeness and without significant
loss of optimality. Node-dependent weights can be used to
compensate for the limitations of the heuristic used. Node-
dependent weights can use information about nodes that the
heuristic does not capture. Using the same heuristic to eval-

uate all nodes in the fringe can be highly disadvantageous.
If the heuristic values cannot be computed fast, solving time
increases, with more nodes in the fringe. If the heuristic is
not very informative, evaluating all nodes in the fringe with
the heuristic may not be useful. Using different heuristics to
evaluate different nodes can be extremely useful. More in-
formative heuristics are generally computationally demand-
ing. So one can use more informative heuristics for a small
number of nodes in the fringe and use a computationally
cheap heuristic for many more nodes in the fringe.

We report on two sound and complete classical plan-
ners AWA* and MAWA* in this paper. AWA* uses node-
dependent weights which we refer to as dynamic weight-
ing. Node-dependent weights provide an additional form
of search control, besides actual and estimated path costs.
AWA* differs from other planners due to its use of dynamic
weighting in A* search. AWA* uses same heuristic to eval-
uate all nodes in the fringe. MAWA* is a modification of
AWA*. MAWA* uses two-phase heuristic evaluation along
with node-dependent weights. MAWA* uses a computa-
tionally cheap heuristic in its first phase to evaluate all nodes
in the fringe. In the second phase, it uses a more informa-
tive heuristic to re-evaluate a selected set of nodes in the
fringe. After this, it uses node-dependent weights for a se-
lected set of nodes in the fringe. Our empirical evaluation of
AWA* and MAWA* on five domains shows that they both
significantly outperform three planners that did very well
at the 2000 international planning competition. The ideas
of dynamic weighting and multi-phase heuristic evaluation
of selected nodes in the fringe can also be used in solving
other planning problems like temporal planning, planning
with resource quantities and planning with numerical vari-
ables.

This paper makes the following contributions:

� We report on two sound and complete planners AWA*
and MAWA*. AWA* is the first planner to use node-
dependent weighting in A* search. MAWA* is the first
planner to use two-phase heuristic evaluation and node-
dependent weighting for a selected set of nodes in the
fringe.



� We report on an empirical evaluation of A*, WA*,
AWA*, and MAWA* on several problems from five do-
mains. The evaluation shows that both AWA* and MAWA*
are significantly superior to A* and WA* and that MAWA*
is superior to AWA*.
� We also report on an empirical comparison of AWA*,

MAWA*, FF, AltAlt and STAN 4 on several problems from
five domains. The evaluation shows that both MAWA* and
AWA* significantly outperform AltAlt and STAN 4 on all
problems. MAWA* and AWA* also outperform FF on sev-
eral problems.

The paper is organized as follows. We review advances
in heuristic search for classical planning in section 2. We
describe AWA* and MAWA* in sections 3 and 4 respec-
tively. We report on an empirical evaluation of A*, WA*,
AWA*, MAWA* and a comparison with FF, AltAlt and
STAN 4 in section 5. We discuss our theoretical work on
more variants of A* and directions for future work in sec-
tion 6. We report on the conclusions in section 7.

2 Background

In this section, we describe planners AltAlt, FF and HSP-
2. We also explain some key notions like relaxed planning
graph, relaxed plan and statically mutually exclusive (mu-
tex) actions.

AltAlt [8], HSP-2 [3], and FF [6] are some of the very ef-
ficient heuristic search planners developed recently. HSP-2
is a state-space planner which allows a user to choose for-
ward or backward direction of search, the heuristic to be
used and the non-negative weight � of ����. ���� is the
estimated cost of cheapest path to goal from node n. HSP-2
does weighted A* style search. HSP-2 ignores positive as
well as negative interactions between subgoals, in its heuris-
tic evaluation. The development of FF was inspired by HSP,
the initial version of HSP-2. FF is a forward state-space lo-
cal search-based planner. It considers positive interactions
between subgoals while computing ����. ���� in FF is the
number of actions in the relaxed plan at node �. The re-
laxed plan at node � is found by backward search on the re-
laxed planning graph at node �. The relaxed planning graph
(RPG) is constructed assuming that the delete effect lists
of actions are empty. An RPG has alternating action lev-
els and proposition levels like the planning graph [2]. The
2000 competition version of FF does enforced hill climb-
ing. This means that whenever ��� values of all children of
� are greater than or equal to ����, FF does breadth-first
search, until a descendent of � with a better evaluation than
���� is found. When such a descendent � � is found, FF in-
cludes the path from � to �� in its partial plan, removing all
other nodes generated by breadth-first search from its mem-
ory. Overall, FF performed significantly better than HSP-2
and AltAlt at the 2000 international planning competition.

AltAlt uses much more informative heuristics than HSP-
2 and FF. Many of AltAlt’s heuristics take into account
positive as well as negative interactions between subgoals.
The heuristics are derived from a serial leveled off planning
graph. AltAlt as well as FF did very well at the 2000 com-
petition. FF version 1.0 was awarded the Exceptional Per-
formance Award for domain independent planners in this
competition. Details of the competition can be found in [1].
We have reported on an empirical comparison of AWA* and
MAWA* with AltAlt and FF in section 5.

MAWA* (section 4) uses the notion of statically mutex
actions. Two actions �� and �� are statically mutex if (i)
�� deletes some precondition of �� or (ii) �� deletes some
precondition of �� or (iii) �� needs � and �� needs �� or (iv)
�� adds � and �� deletes � or (v) �� deletes � and �� adds �.

3 AWA*

Planning as heuristic search has been shown to be quite
effective, with exemplary planners like FF [6], HSP-2 [3],
and Sapa [4]. The search algorithm employed by Sapa and
HSP-2 is very similar to weighted A* (WA*). Weighted
A* is a variant of A* [5]. It’s a well known fact, discussed
in [10], that the A* algorithm might spend too much time
choosing over states with approximately equal costs. This
leads to a high search time in many cases. The weighted
variant of A* attempts to remedy this situation by adjusting
the estimated distances to goal. The adjustment is carried
out by multiplying the estimated cost of cheapest path to
goal from a node by a positive number (weight). This gen-
erally reduces the number of nodes expanded and this gen-
erally reduces the solving time as well. A* may not perform
well despite the use of weight. Adjusted weighted variant
of A* (AWA*) attempts to compensate for the inaccuracy
of the heuristic value, as well as improve the optimality of
WA*, while making sure that the search time is still accept-
able.

The A* search algorithm uses the following cost equa-
tion

���� � ���� � ����

where ���� represents the cost of the path from the root
node to node �, and the ���� represents the estimate of the
cost of the cheapest path from � to the goal. A* always
expands node with lowest value of � first. A* is complete if
there are finite number of nodes whose ��� values are less
than the cost of the optimal solution. If � is admissible,
then A* is optimal. The weighted variant of A* uses the
following equation

���� � ���� � � � ����� � � �

Adjusted weighted version of A* uses the following equa-
tion

���� � 	��� � ���� � 
��� � ����



where 	��� and 
��� are functions that depend on the cur-
rent state (world state in node �). So the weights used in
AWA* are dynamic, and state-dependent. Dynamic weight-
ing for ���� and ���� in A* was first proposed in [11], but it
was never used in AI planning. Pohl proposed a version of
A* using ���� � �� � ������� �����, where �� and ��

are adjusted as search progresses. Though the weighting in
AWA* and the one in [11] are dynamic, there is an impor-
tant difference between these two schemes. The weighting
in AWA* is node-dependent. The weighting in [11] is not
node-dependent.

A version of A* using dynamic weighting for ��� is men-
tioned on page 88 in [10]. This version uses the following
equation

���� � ���� � ���� � �

�
��

����




�
����

where ���� is the depth of node � and 
 is the depth of the
shallowest state where the goal is true. A limitation of this
approach is that we must know 
 , or at least be able to es-
timate it with a high degree of accuracy. In Pearl’s scheme,
all nodes at same depth always have the same weight for
their ���, which is not the case in AWA*.

In the implementation of AWA*, we chose the functions
	��� and 
��� as follows 	��� � �� , 
��� � �� �

����
Æ���� ,

where �� � ��� and Æ� are positive constants, ���� is the
number of subgoals true in state in node �, and ��� is the
number of subgoals in the goal of the planning problem.
Each subgoal is a ground, function free predicate. We also
require �� � �

Æ�
so that 
��� is always positive.

AWA* is complete. The proof of this is given in our
longer technical report [12]. If the heuristic � is admissible,
the cost � of the solution found by AWA* satisfies

� � ���

�
��

��
��

�
�� (1)

where �� is the cost of the optimal solution. The proof of
this is given next.

Proof: The maximum value of 
��� � �� �
����

Æ����
occurs

when ���� � �, so that 
��� � ��. Therefore, the � value
in AWA* satisfies

���� � �� � ���� � �� � ����

Now let � ���� � �� � ���� � �� � ����. � ���� can then be
rewritten as � ���� � �����������������. This is because
the cost of solution found with � ���� � ���������������
is same as the cost of solution found with � ���� � ���� �
��
��

� ����. So if � � is the cost of the solution found by
using � ���� � ���� � ������� � ���� and �� is the cost
of the optimal solution, then � � � ������� � ��. Since

���� � � ���� for all �, the cost � of the solution found by
using ���� in AWA* must satisfy

� � � � �
��
��

� ��

Since ������� might be less than 1, we have the specified
upper bound on the cost.

4 MAWA*

A factor that might adversely affect the performance of
AWA* is that weights are computed for all nodes. Another
potential problem in AWA* is that if every node is consid-
ered for weight adjustment, then some nodes that shouldn’t
have the weight of their ��� adjusted also have it adjusted.
Therefore, we propose another method of dynamic weight-
ing which uses weights for only more promising nodes. The
set of these more promising nodes is the candidate set. This
approach helps to reduce the computational time associated
with the weights of nodes.

Yet another factor that can adversely affect the perfor-
mance of AWA* is the use of same heuristic to compute
��� values of all nodes. If a heuristic is not very informa-
tive or time-consuming to compute, it may not be worth
evaluating all nodes with it. One way to control the time
for heuristic evaluation and also get more information about
the nodes is to use a two-phase heuristic evaluation. In this,
all nodes in fringe are evaluated by some heuristic in phase
1 and some of these are evaluated by some other heuristic
in phase 2. MAWA* uses both two-phase heuristic evalu-
ation and node-dependent weights for only selected nodes.
MAWA* algorithm is described below.

1(a). (Phase 1) For every node � in the fringe, compute
���� � ���� � ����.
1(b). (Phase 2) If ���� � �, where � is a pre-specified
constant, adjust ���� to ����� and compute ���� � ���� �
�����.
2. Find the node ���� in the fringe with minimal ��� value.
3. Let the candidate set � be the set of nodes � in the fringe
such that ���� is less than or equal to �� � �� � �������,
where � is a small positive constant.

4. For every � � �, compute ��� ����������
����

�Æ��������

�����

5. Expand node �	 � � for which ��� � ���	� � ��� �
�����

�Æ������� � ���	�� value is minimal among all the nodes
from �.
6. Go to step 1(a) if no plan is found.

In our MAWA* implementation, ���� is same as the
number of actions in the relaxed plan at �, as in FF
[6]. In the MAWA* implementation, � ���� � ���� �



�
���
��� �����, where ���� is the number of steps in the re-

laxed plan at node � and ����� is the number of pairs of
statically mutex actions in � th step of the relaxed plan at
�. This adjustment can give us some more information. A
node with a high number of static action mutexes in its re-
laxed plan might not be a good node, even though its ���
value might be lower than that of other nodes.

The notion of candidate set � is mentioned in [10]. Pearl
mentions that one can use a heuristic �� to form candidate
set � and a heuristic �� to select a member of � to expand
next. MAWA* can be viewed as using �� and ��. �� in
MAWA* uses � and ���� values to form �. �� in MAWA*
uses node-dependent weights.

MAWA* is complete. The proof of completeness of
MAWA* is similar to the proof of completeness of AWA*.
MAWA* is inspired by the ��* scheme described in [10].
Let �� be the cost of optimal solution found by A*. The
cost � of the solution found by MAWA* satisfies

� � �� � �� � ��

if � and �� in step 1 of MAWA* are admissible. The proof
of this is given next. The proof is a modification of the
proof from page 89 in [Pearl 1984]. In the proof, � �
���� ��� �� � � � � ��	 is the set of all unexpanded nodes in
the search space. We denote the minimum � value among
all �� � � by ����, i.e. ���� � ����� 
�� � �. We define
the candidate set � � � as follows

� � ��������� � �� � �� � ����	

Proof: We assume that � and �� are admissible. Let �� � �
be the node such that ����� � ����. Also let �� � � be
the node that lies on the optimal solution path. Let � � �
be the node chosen for expansion that was found to contain
the goal. Since �� lies on the optimal solution path and �
and �� are both admissible, ����� � ��. We must also
have that ����� � ���� � �����. Since � � �, ���� �
�� � �� � ���� � �� � �� � �����. Using all of the above
information together, we have

� � ���� � ����������� � ����������� � ��������

What the above result means is that the optimality of
MAWA* can be even better than that of AWA*. That’s,
MAWA* is able to incorporate the advantages of AWA* and
can also improve the optimality and the computational cost.
If � and �� are admissible, the cost of solution found by
MAWA* is bounded above by �� � �� � � �. The cost of�

�

�



implemented in C++ and the version of AltAlt that we used
is also implemented in C++. All planners were run on the
same machine mentioned at the start of this section. FF ver-
sions 1.0 and 2.3, AltAlt, A*, WA*, AWA* and MAWA* all
find serial plans. STAN 4 finds parallel plans.

5.1 Domain Descriptions

We used several domains in our evaluation. The domains
are explained below.

� Blocks-world: Blocks-world using the move(x,y,z)
operator where � 
� �� � 
�  � � 
�  � � 
� !"#$%. The
operator moves block � from � to  . With � blocks,
there are ���� � ����� � 
� � 
����� � �� ground
instances of this operator.

� Blocks-inversion: A variant of the Blocks-world do-
main using the move(x,y,z) operator. The only way
to achieve the goal in this domain is to move all the
blocks to the table, and restack them. The problems
in the Blocks-world domain do not require that all
blocks be moved to the table.

� TSP-1: Traveling Sales Person domain where a sales-
man must visit a set of cities at least once. The oper-
ator here is drive(x,y) where � and � are cities.

� TSP-2: Traveling Sales Person domain where a sales-
man must visit a set of cities exactly once. The oper-
ator is still drive(x,y) as in TSP-1. However, there is a
precondition unvisited(y) of drive(x,y) that is deleted
by this operator. The domain contains non-invertible
actions. An action is non-invertible if its effects can-
not be reversed. Consider for example the action of
driving from� to & under the constraint that we must
not have visited B before. An add effect of the ac-
tion is '����%��&�. Such an action is non-invertible
since the effect that B has been visited cannot be re-
versed. Specifically, there is no action which deletes
'����%��&�. Also, there is no action which adds
(�'����%��&�.

� TSP-3: Traveling Sales Person domain where a sales-
man can visit a set of cities either by flying or driving.
The operators in this domain are drive(x,y), fly(x,y),
get money(x). The salesman can drive to a city at the
most once. He/She can fly to any city an unlimited
number of times, if she/he has enough cash. Cash
can be found only at a small number of cities. This
domain too contains non-invertible actions.

The problems from the Blocks-world and Block-
inversion domains were manually generated. Problems in
the TSP-1, TSP-2 and TSP-3 domains were automatically
generated. All problems have solutions.

5.2 A*, WA*, and AWA*

Table 1 reports the performance of A*, WA* and AWA*
on 8 problems from the Blocks-world domain. The prob-
lems range in size from 12 to 20 blocks. AWA* solved all
8 problems and A* and WA* solved only 3 and 4 problems
respectively. AWA* was fastest on 7 out of the 8 problems.
P # in the first column in tables 1, 2 and 6 denotes problem
number. acts in tables 1,2,4 and 5 denotes the number of
actions in the plans found.

Table 2 reports results of A*, WA* and AWA* on 8 prob-
lems from the TSP-1 domain. The problems range in size
from 30 cities with at least 180 total inter-city connections
to 35 cities with at least 210 total inter-city connections.
Each connection allows travel in both directions. The ac-
tual connections are randomly generated. AWA* solved all
8 problems. A* did not solve any problem. WA* solved 6
problems. The number of actions in plans found by AWA*
were not higher than the number of actions in the plans
found by WA* on 5 out of 6 problems that both these plan-
ners solved. AWA* was fastest on 7 out of 8 problems.

P# A* WA* AWA*
acts time acts time acts time

1 15 20.1 18 15.5 16 7.05
2 23 214.1 29 60.4 30 50.3
3 - 600+ - 600+ 20 39.1
4 - 600+ - 600+ 40 404.5
5 - 600+ - 600+ 16 10.3
6 - 600+ 28 335.8 27 336.1
7 - 600+ - 600+ 16 18.5
8 18 109.5 15 45.1 15 45.5

Table 1. A*, WA*, AWA* on Blocks-world

P # A* WA* AWA*
acts time acts time acts time

1 - 600+ 28 5.1 28 4.7
2 - 600+ 25 31.5 25 3.1
3 - 600+ 28 23.6 27 3.6
4 - 600+ 30 143.7 29 23
5 - 600+ - 600+ 36 420.9
6 - 600+ 39 335.8 38 354.2
7 - 600+ - 600+ 36 331.8
8 - 600+ 36 453.1 39 363.7

Table 2. A*, WA*, AWA* on TSP-1



5.3 AWA*, FF, and STAN 4

Table 3 reports results of AWA*, FF version 1.0, and
STAN 4 on 9 problems from the Blocks-inversion domain.
a in tables 3 and 6 denotes the number of actions in the
plans found. # B in table 3 denotes the number of blocks
in the problems. S in the last column of table 3 and ta-
bles 4 and 5 denotes speedup. t in tables 3 and 6 denotes
the solving times. We also report the speedup of AWA*
with respect to FF. The problems in Table 3 had between
10 and 18 blocks. AWA* was the only planner to solve all
9 block inversion problems. FF and STAN 4 both solved 2
out of the 9 problems. AWA* was fastest on 8 out of the 9
problems. We created 12 different instantiations of AWA*
and compared them with FF version 1.0 and STAN 4 on 6
problems from the Block-inversion domain. The instanti-
ations of AWA* were obtained by changing the values of
the parameters in the tuple ���,Æ��. The instantiations had
the following values: (1,2), (1,3), (2,1), (2,2), (2,3), (3,1),
(3,2),(3,3), (4,1), (4,2), (4,3), and, (4,4). Out of the 12 in-
stantiations of AWA*, 1 solved 4 problems, 5 solved 5 prob-
lems and the remaining 6 solved all 6 problems. FF version
1.0 and STAN 4 both solved the same 2 problems. All prob-
lems solved by FF and STAN 4 were solved by all 12 instan-
tiations of AWA*. All 12 instantiations of AWA* solved
more problems than FF version 1.0 and STAN 4. AWA*
was more effective than FF and STAN 4 for a wide range of
values of Æ� and ��.

# B AWA* FF STAN 4 S
a t a t a t

10 23 3.1 17 1.3 13/21 1.1 -
11 23 3.9 19 5.1 15/23 9.4 1.3
12 29 12.6 - 600+ - 600+ � 47
13 35 33.5 - 600+ - 600+ � 17
14 35 45.7 - 600+ - 600+ � 13
15 41 111.7 - 600+ - 600+ � 5.3
16 41 138.0 - 600+ - 600+ � 4.3
17 47 304.2 - 600+ - 600+ � 1.9
18 47 394.4 - 600+ - 600+ � 1.5

Table 3. AWA*, FF version 1.0, STAN 4 on
Blocks-inversion

5.4 MAWA*

Table 4 reports results of AWA* and MAWA*. The first
8 problems are from the Blocks-world domain. The next
4 problems are from the TSP-2 domain. The last 4 prob-
lems are from the TSP-3 domain. The problems from the
Blocks-world domain range in size from 16 to 21 blocks.

All problems from the TSP-2 and TSP-3 domains have 30
cities and at the most 100 inter-city connections. In the
problems in the TSP-3 domain, the cash is located in at the
most 6 cities. The actual cash locations are randomly gener-
ated. We also report the speedup of MAWA* with respect to
AWA*. MAWA* solved all 16 problems. AWA* solved 11
problems. MAWA* was fastest on 15 problems. On 6 out
of the 11 problems that both MAWA* and AWA* solved,
the plans found by MAWA* had far fewer actions than the
plans found by AWA*.

Table 5 reports results on the TSP-3 domain. The prob-
lems range in size from 30 cities with at the most 100 con-
nections and at the most 6 cash locations to 40 cities with at
the most 140 connections and at the most 8 cash locations.
We also ran AltAlt on these problems, however, AltAlt gave
a memory allocation error after around 4 cpu minutes dur-
ing the search. The memory allocation error occurred be-
fore AltAlt could find solution to any of the problems. The
speedup obtained by MAWA* over FF is also reported for
this domain. In the TSP-3 domain, 15 problems were solved
by MAWA* and 10 were solved by FF. All problems solved
by FF were also solved by MAWA*. MAWA* also found
much shorter plans for all of the problems solved by FF.
The implementation of MAWA* used fixed � � ��
. We
also tried MAWA* with � � ���, � � ���, and variable
�. The implementation which used variable � continuously
changed � after every 15 nodes were expanded. The per-
formances with � � ���� � � ��� and with variable � were
on par with that of MAWA* with fixed � � ��
 on most
problems.

The results on the 61 problems in the five tables show
that AWA* and MAWA* are both able to easily find plans
containing around 45 actions. Both planners can easily
find larger plans on problems easier than the ones we used.
Since MAWA* computes weights for a smaller number of
nodes than AWA*, the running time of MAWA* is expected
to be lower than that of AWA* on most problems. Table 4
shows that this is indeed the case for 15 out of 16 problems.
It is hard to empirically compare optimality of A*, WA*
and AWA*, since AWA* solved many more problems than
A* and WA*. AWA* and MAWA* found shorter plans than
FF on many problems.

5.5 Additional Results

We report on evaluation on 16 additional problems in this
subsection. Table 6 reports the performance of AWA*, FF
version 1.0, and STAN 4 on 16 problems. The first 8 prob-
lems are from the Blocks-world domain, and the remain-
ing 8 problems are from the TSP-1 domain. The Blocks-
world domain problems range in size from 14 to 20 blocks.
The problems from the TSP-1 domain range in size from 30
cities with at least 180 connections to 35 cities with at least



Prob # AWA* MAWA* S
acts time acts time

1 26 60.3 16 29.3 2
2 42 225.3 14 10.8 20.8
3 23 392.6 17 68.2 5.7
4 - 600+ 20 157.3 � 3.8
5 31 455.7 30 240.8 1.9
6 14 46.1 14 50.5 -
7 22 101.9 20 96.8 -
8 - 600+ 33 251.8 � 2.4
9 27 46.8 25 7.3 6.4
10 31 62.8 32 9.6 6.5
11 - 600+ 33 29.9 � 20
12 31 211 32 8.4 25
13 - 600+ 36 40.9 � 14.6
14 33 231.6 36 32.8 7
15 34 368.7 39 42.9 8.7
16 - 600+ 45 36.6 � 16.4

Table 4. AWA*, MAWA* on Blocks-world, TSP-
2 and TSP-3

Prob # MAWA* FF S
acts time acts time

1 30 3.8 40 0.4 -
2 25 4.5 38 6.4 1.4
3 27 5.3 34 9.1 1.7
4 - 600+ - 600+ -
5 - 600+ - 600+ -
6 32 16.1 43 3 -
7 37 28.1 49 22.1 -
8 35 32.4 43 26.5 -
9 30 43.5 45 31.4 -
10 33 44.7 41 43.9 -
11 34 47.8 - 600+ � 12.5
12 35 56.8 - 600+ � 10.5
13 37 58.9 - 600+ � 10.2
14 - 600+ - 600+ -
15 - 600+ - 600+ -
16 35 9.4 50 3.6 -
17 41 73.8 46 10.5 -
18 39 90.2 - 600+ � 6.6
19 41 118.6 - 600+ � 5
20 - 600+ - 600+ -

Table 5. MAWA* and FF version 2.3 on TSP-3

210 connections. The actual connections are randomly gen-
erated. AWA* is the only planner that solved all 16 prob-
lems. FF solved 14 problems. STAN 4 solved 2 problems.
FF was fastest on all problems that it solved. On 12 out of
the 14 problems that both FF and AWA* solved, plans found
by AWA* had far fewer actions than those in the plans found
by FF. On the two problems that both AWA* and STAN 4
solved, plans found by AWA* had fewer actions than those
in the plans found by STAN 4.

P# AWA* FF STAN 4
a t a t a t

1 16 10.5 16 1.1 9/22 520.6
2 30 70.4 - 600+ - 600+
3 20 59.6 21 2.8 - 600+
4 40 581.7 20 3.1 - 600+
5 15 16.3 19 0.9 - 600+
6 27 472.1 - 600+ - 600+
7 16 30.7 20 2.2 - 600+
8 15 68.5 17 2.3 6/26 106.5
9 23 27.9 30 0.2 - 600+
10 26 35.7 35 0.3 - 600+
11 23 29.2 38 0.3 - 600+
12 21 23.1 29 0.2 - 600+
13 38 420.9 55 3.1 - 600+
14 36 354.2 50 2.7 - 600+
15 38 331.8 51 2.5 - 600+
16 39 363.7 52 2.7 - 600+

Table 6. AWA*, FF version 1.0, STAN 4 on
Blocks-world and TSP-1

Evaluation on many other problems from the five do-
mains confirms the superiority of AWA* and MAWA*. This
evaluation is reported in our longer technical report [12].

6 Discussion

In this paper, we reported on two sound and complete
classical planners AWA* and MAWA*. AWA* uses node-
dependent weights. MAWA* uses two-phase heuristic eval-
uation along with node-dependent weights. We reported
on the optimality of these planners and their empirical per-
formance. In this section, we discuss directions for future
work, along with our theoretical work on additional variants
of A*.

Sapa [4] uses weighted A* for planning. It is very ef-
fective at generating high quality plans in domains contain-
ing durative actions and resource quantities. Our two-phase
heuristic evaluation can be viewed as a special case of n-
phase heuristic evaluation, where � th phase re-evaluates far



fewer nodes than �� � �� th phase. � and � can both be
varied during search. Our ideas of varying �� �� �, during
search and using �-phase heuristic evaluation, � � 
 and
varying � during search, can be used in solving other plan-
ning problems like temporal planning and planning with re-
source quantities. In [13], we report on 9 variants of A*.
One of them is same as AWA*. One variant is a variant
of MAWA* which uses n-phase heuristic evaluation, where
n may be greater than 2. One variant uses n-phase heuris-
tic evaluation along with variable �. One variant changes
heuristics during search. Change of heuristics during search
is different from n-phase heuristic evaluation. One variant
changes heuristics during search and also varies �. We have
reported on the bounds on the costs of solutions found by
the nine variants of A* in [13], assuming that the heuristics
are inadmissible. Empirically evaluating these algorithms
on planning problems is our future work.

7 Conclusion

We reported on two variants of the A* algorithm for
planning. Both variants (AWA* and MAWA*) are sound
and complete. AWA* uses node-dependent weights to ad-
just the heuristic estimates. MAWA* uses a two-phase
heuristic evaluation. MAWA* uses a computationally cheap
heuristic in phase 1 and it adjusts the heuristic estimates
of some nodes in phase 2, using a different heuristic. The
two-phase evaluation allows a use of more heuristic infor-
mation without significantly increasing the computations.
MAWA* uses node-dependent weights for only a selected
set of nodes in the fringe. We evaluated A*, WA*, AWA*,
MAWA*, FF, STAN 4, and AltAlt on several problems from
five domains. AWA* and MAWA* outperform STAN 4 and
AltAlt on all problems. AWA* and MAWA* also outper-
form FF on several problems. Given that variants of A*
are very effective in generating high quality plans in tem-
poral planning with resource quantities, variants of AWA*
and MAWA* for such more expressive problems are wor-
thy of investigation. Such variants of AWA* and MAWA*
can be developed by varying � and/or using node-dependent
weights and/or varying � in �-phase heuristic evaluation
and/or varying � and/or varying the size of the candidate
set.
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