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Abstract

In this line of work, we consider the possibility that some fast
heuristic search methods introduce structural bias, which can
cause problems similar to sampling bias for downstream sta-
tistical learning methods. We seek to understand the source of
this kind of bias and to develop efficient alternatives. Here we
present some preliminary results in developing a variation of
canonical A* that can overcome the structural bias introduced
by first-in-first-out duplicate detection, which we observed
under the condition of variable heuristic error. These results
inspire a model of greedy-best-first-search for this problem
in the satisficing setting. We hope to apply our approach
in a novel planning application–activity selection for agent-
based modeling for epidemiology–where planning technol-
ogy should avoid introducing structural bias if possible.

Introduction
It is generally accepted that a valid solution to a given plan-
ning task should conform to the problem specification. It
may be the case, however, that some solutions will remain
out of reach of state-of-the-art planning technology without
imposing some additional constraints on the solution space.
Some such constraints might include a preference for shorter
plans as might be imposed by the class of algorithms that use
an estimate of the distance to the goal to influence search
order (Thayer and Ruml 2011). Other constraints are less
obvious such as a node generation order, sometimes known
as accidents of implementation (Helmert and Röger 2008),
and, although poorly understood, are suspected to contribute
to better search speed. Tie-breaking may be one of the most
well-known sources of structural bias in heuristic search
(Asai and Fukunaga 2016). In this line of work, we question
the assumption that any valid plan will do. Our work has ap-
plications anywhere one hopes to generate training data via
planning technology (Ferber et al. 2022; Ernandes and Gori
2004).

Consider how easy it is to affect which plans get into
the training set. We introduce an example caused by du-
plicate detection in the presence of variable heuristic er-
ror. Duplicate detection is a powerful variation of A* (Hart,
Nilsson, and Raphael 1968) which achieves exponential im-
provements in space efficiency in the presence of planning
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Figure 1: FIFO duplicate selection prefers the plan, among
equally cost-optimal plans, with more heuristic error, node
i, in the presence of variable heuristic error, where h∗(i) =
h∗(j) and h(i) < h(j)

tasks with many different cost-optimal paths to the same
node. A typical implementation records the first time a state
is expanded and afterward avoids generating any additional
search nodes for this state. Assuming a consistent heuristic
this procedure does not affect any cost-optimality guaran-
tees on the solution; only which path from the goal node is
recovered.

We observe that, in the presence of variable heuristic er-
ror, this path can be deterministic even in the presence of
random tie-breaking (Figure 1). Assuming an admissible
heuristic, although states i and j represent equal cost paths
from s, state k will be generated via state i first, put on
OPEN , and then, since f(k) < f(j), expanded next. When
the node representing state j is expanded, its successor node
representing state k will be discarded, since k is CLOSED.
The implication for downstream statistical learning methods
is that training data may be skewed toward examples with
poorer heuristic estimates.

Problem Definition
Given a classical planning task, which describes a graph
composed of nodes n with a cost function assigning a pos-
itive value c(ni, nj) between each node ni and its succes-
sor nj . Additionally, define P ∗

ni−ng
, the set of minimal cost

paths from the initial state to a goal node (Pearl 1984), we
will refer to this set as simply P ∗.

Definition 1 A solution in this new setting is a set of mini-
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Figure 2: Time-efficiency of A* with our new strategy vs.
FIFO duplicate detection

mal cost paths π in P ∗, and for all plans in the solution set,
P (π) = 1/|P ∗|

A* with Random Duplicate Selection
We address the problem of sampling-bias introduced by du-
plicate detection in A* by a few simple modifications to the
original algorithm (Hart, Nilsson, and Raphael 1968). The
most significant change is instead of recording a single par-
ent pointer for each search node, we maintain a list of parent
pointers. Additionally we maintain a CLOSED list. On ex-
pansion we add the node to CLOSED. On generation we
check if the state is on CLOSED already. If it is and the path
to this new node is no worse than the node on CLOSED
then we update the closed node’s parent list and discard the
successor. A solution is recovered by a random walk from
the goal node to the initial state via our new parent lists. We
achieve a uniform distribution over all possible plans in P*
by sampling parents in proportion to the number of paths
they lead to. Figure 2 demonstrates our approach on Grid-
world domain with synthetic heuristic error.

A Model for the Greedy Approach
The graph our variation of A* discovers during search is, in
the satisficing setting, the reachability graph from the start
node to the goal node. This idea inspires our approach to
fair planning for greedy-best first search. If we had access to
the reachability graph under each node tied on OPEN then
we could select the node which undoubtedly leads to more
distinct paths, but we do not have access to the reachability
graph during forward search so we must consider what kind
of estimate might be useful. In this case, knowledge of the
branching factor might be helpful. Combined with an esti-
mate of solution depth, the branching factor could be used
to estimate the number of paths under a given node. This
estimate could be refined during search.

A Novel Application
Agent-based modeling is a method for describing the be-
havior of complex systems which are either too difficult to

model using equation-based methods or are not yet under-
stood well enough, by modeling each individual agent in
the system, their state, and their behavior. It has been used
broadly in the study of infectious diseases. In epidemiology,
the state-of-the-art in activity selection in the absence of
real-world observations is a hand-tuned model (Xia 2014).
Planning may be a good alternative. Planning technology,
however, that always excludes specific perfectly good plans
for arbitrary reasons could confound the analysis and inter-
pretation of these models.
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