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Abstract
Bootstrap planner is an iterative planner that improves an ini-
tial heuristic function by solving a sequence of successively
larger training problems. It solves a set of very small prob-
lems using the initial heuristic function and learns a new
heuristic from the plans found for the training problems. The
planner then iteratively uses the newly learned heuristic to
solve larger problems and learn better heuristics.

Introduction
Planners that competed in the first learning track of the inter-
national planning competition in 2008 (see Fern et al. (Fern,
Khardon, and Tadepalli 2011) for more details about the
competition) can be categorized into two major groups. The
first group is consisted of the planners that focused on learn-
ing domain-specific macro-actions. For example, the Wiz-
ard planner (Newton et al. 2008) that performed well in
terms of both quality and time metrics, uses the plan ob-
tained from solving small training problems and generalizes
the plan replacing the objects in the plan by variables. Then
it builds macros from the generalized plan and only keeps
the macros that improve the search performance comparing
to a search that does not include the macros.

The PbP planner (Gerevini, Saetti, and Vallati 2009),
which was the overall winner of the competition, used dove-
tailing (Valenzano et al. 2010) between a set of state-of-
the-art satisficing planners in addition to using macros. The
learning phase of the planner analyzes the performance of
different planners on the training problems of each domain.
Then, it allocates different amount of time to each planner
in each domain depending on the performance of the planner
on the training problems of the domain.

The success of such macro-learning planners depends
on the amount of generalization that can be obtained from
learning macros as they are learned from solving smaller
training problems and are used to improve the search per-
formance on larger test problems.

The second group of planners focused on learning a policy
to guide the search. For example, the Obtuse Wedge plan-
ner (Yoon, Fern, and Givan 2008), that won the best learner
award in the competition, first learns a reactive policy and
then uses it to guide a best-first search. The planner uses a
set of features extracted from the FF’s relaxed plan (Hoff-
mann and Nebel 2001) and learns a reactive policy from

solving the training problems. A reactive policy is a pol-
icy that maps each state in the problem to an action. During
the search, the planner only adds the nodes that are created
by the policy and their neighbors to the open list of a greedy
best first search. Intuitively, this method uses the choices
made by the policy to speed up the search, while overcom-
ing the flaws of the policy by adding the neighbors of states
selected by the policy to the open list.

Here we take a different approach. We learn a specific
heuristic for each problem domain. Specifically, we learn a
set of domain-specific weights to combine the features of the
domain. Our approach is very close to the bootstrapping al-
gorithms discussed in Jabbari Arfaee et al. (Jabbari Arfaee,
Zilles, and Holte 2010) and Fern et al. (Fern, Yoon, and Gi-
van 2004).

The algorithm discussed in Jabbari Arfaee et al. (2010)
iteratively improves an initial heuristic function by solving a
set of successively more difficult training problems in each
iteration. This algorithm is ideal when a batch of problems
with the same goal state should be solved quickly. It starts
with a time limited search on the set of training instances us-
ing the initial (weak) heuristic function. Solving a sufficient
number of the training instances at the end of the iteration,
it learns a heuristic function from the training instances that
are solved in this iteration. Failing to solve enough training
instances in an iteration, the bootstrap algorithm increases
the time limit to fill the gap between the difficulty of train-
ing instances and the weakness of the current heuristic func-
tion. This process is then repeated on the unsolved training
instances using the newly learned heuristic. This algorithm
is shown to create effective heuristics for a variety of classic
heuristic search domains.

Different from the previous system, Fern et al. (Fern,
Yoon, and Givan 2004) learn a control knowledge from solv-
ing smaller problems and use it to solve larger problems. For
example, they learn a policy from solving blocksworld prob-
lems with n blocks and use it to solve blocksworld problems
with (n+1) blocks. This algorithms is shown to create very
effective policies for a variety of planning domains. Here,
we aim at learning effective heuristic functions to solve plan-
ning problems using the ideas discussed above.



The Bootstrap Planner
Our planner starts with an initial heuristic function and uses
it to solve a set of training instances. There is a time limit
assigned for solving each training instance. If enough train-
ing instances have been solved in an iteration, i.e., a num-
ber of instances above a fixed threshold, the planner learns
a better heuristic from the solved instances and repeats this
process on a larger set of training instances with the newly
created heuristic. If the planner fails to solve enough train-
ing instances, it increases the time limit and tries to solve the
training instances using the new time limit.

The heuristic is learned as follows. For each state on the
plan of the solved instances, a set of features of the state
and the distance of the state from the goal state are collected
as the training data. The training data, that contains a wide
range of distances to the goal, is then fed to a learning system
to predict the distance to goal for new states. We used the
following settings in our experiments.

The features used for our experiments were four heuris-
tics, namely, the FF heuristic (Hoffmann and Nebel 2001),
the landmark-cut heuristic (Helmert and Domshlak 2009),
the hmax heuristic used by HSP (Bonet and Geffner 2001)
and a heuristic that counts the number of goal predicates that
are not satisfied for each state. Among these heuristics, only
the landmark-cut heuristic is admissible and we used this
heuristic as the initial heuristic of the planner. We chose
these features to provide a diversity for different domains
while maintaining a reasonable speed of heuristic computa-
tion for each state during the search.

The number of training instances for each iteration was set
at 200 and the minimum number of instances that should be
solved in each iteration was set at 50. The initial time limit
was set at 8 seconds and it was increased by a factor of 2
whenever less than 50 training instances were solved in each
iteration. The learning algorithm used was a neural network
with one output neuron representing distance-to-goal and
three hidden units trained using backpropagation (Rumel-
hart, Hinton, and Williams 1986) and mean squared er-
ror (MSE). Training was ended after 500 epochs or when
MSE< 0.005.

The bootstrap planner is built on the Fast Down-
ward (Helmert 2006) planner. The search algorithm used
is greedy best first search that uses an alternation open
list (Röger and Helmert 2008) with one queue for the learned
heuristic and one queue for the preferred operator heuris-
tic (Hoffmann and Nebel 2001). The search also uses de-
ferred evaluation of heuristic function (Helmert 2006). All
these choices were made based on the intuition that the plan-
ner should scale to solve large planning problems. The final
heuristic that is learned by the planner is the output of the
planner and will be used to solve the test problems.

The problem generator provided for each domain is used
to create the training problems ranging from very small to
very large problems. One possible addition to the planner
would be to create the training instances for each iteration
in an increasing order of difficulty using the random walk
backwards from the goal state, similar to the approach used
by Jabbari Arfaee et al. (Jabbari Arfaee, Zilles, and Holte
2010). As the goal states for planning problems are partially

defined, techniques such as the one suggested by Kolobov et
al. (Kolobov, Mausam, and Weld 2010) should be used to
make a complete state from the goal state so that random
walk backwards from the goal becomes feasible.
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