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Abstract

In bounded-suboptimal heuristic search, the aim is to find
a solution path within a given bound as quickly as possi-
ble, which is crucial when computational resources are lim-
ited. Recent research has demonstrated Weighted A* variants
such as XDP that find bounded suboptimal solutions with-
out needing to perform state re-expansions; they work by
shifting where the suboptimality in the search is allowed.
However, the suboptimality distribution is fixed before the
search begins. This abstract describes Dynamic Suboptimal-
ity Weighted A* (DSWA*), an algorithm introduced at AAAI
2025 that allows suboptimality to be dynamically distributed
at runtime based on the properties of the search.

Introduction

This abstract describes the ideas behind Dynamic Subopti-
mality Weighted A* (DSWA*) (Hami and Sturtevant 2025),
a recent best-first search algorithm that can explicitly rea-
sons about where suboptimality will be useful during a
search, and re-distribute suboptimality to improve perfor-
mance. The goal of this abstract is to describe the high-level
ideas behind the algorithm. The technical details with ad-
ditional experimental results can be found elsewhere (Hami
and Sturtevant 2025; Hami 2025).

Background

We begin by covering a number of key ideas that DSWA*
builds upon.

Problem Definition

DSWA* is designed for bounded suboptimal search. In par-
ticular, a bounded suboptimal search (BSS) problem P is
characterized by a 5-tuple P = {G, start, goal, h, w}. The
state space, (7, is a finite graph that contains states and edges.
Each edge (u,v) € G has a non-negative cost of c(u,v). A
path in G is a finite sequence U = (uyg, ..., uy) Of states
in G where (u;,u;11) is an edge in G for 0 < i < n.
The cost of the least cost path from state u to state v in
graph G is denoted as d(u,v). The optimal solution cost
denoted as C*, is equal to d(start, goal), the cost of the
least cost path from start state to the goal. The heuristic
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function, h, estimates the distance between any state and
the goal. h is assumed to be strongly consistent, in that
|h(n) — h(m)| < d(n,m) holds for all m and n. The
BSS problem is satisficing: return any path U such that
c(U) =37, c(us, uiy1) < w-d(start, goal).

Priority Functions for Best-First Search

Recent work has studied priority functions for best-first
search that do not perform node re-expansions (Chen and
Sturtevant 2019, 2021). The work has developed a variety of
new priority functions that can be used with best-first search
guided by f(n) = ®(h(n), g(n), where ® must meet nec-
essary and sufficient conditions to avoid re-expansions. Two
example ® functions are ®xpp (convex-downward parabola)
and $pwxp (piece-wise convex-downward).

1
Dxpp(h, g) = %[g + (2w —1)h+ /(g — h)? + dwhyg]
_fg+h 7<1

® describes a three dimensional surface. Every h(n) and
g(n) pair have a corresponding priority. Because this surface
is difficult to visualize, in Figure 1 we plot isolines for XDP
and PWXD - all of the states which have the same priority.
The key insight gained from these plots is that the slope of
the isoline corresponds to the suboptimality in that part of
the state space. Both XDP and PWXD have slope —1 near
the h-axis, meaning that the search is optimal when the g-
cost is low. They have slope —(2w — 1) near the g-axis,
meaning they are allowed to have suboptimality of 2w — 1
as they approach the goal (with h = 0).

These priority functions allow a designer to choose a pri-
ori where a search should allow suboptimality. PWXD, for
example, effectively runs A* to start (no suboptimality), so
that it can effectively run Weighted A* with a weight of
2w — 1 for the remainder of the search. This works very well
on very hard problems, but on easy problems this approach
doesn’t work well. For instance, on random maps with rela-
tively few obstacles it is costly to go around obstacles early
in the search, where using a weight of w makes it easy. In-
stead of fixing the regions of higher or lower suboptimality,
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Figure 1: Isolines for w = 2 for (a) XDP and (b) PWXD
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Figure 2: DSWA* regions

DSWA* allows an algorithm to determine at runtime where
greater suboptimality is needed.

DSWA*

DSWA* was inspired by the observation that searches incre-
mentally proceed from states with low g-cost and high h-
cost (on the h axis) to states with low h-cost and high g-cost
on the g-axis. Thus, the ®-function can be incrementally de-
fined at runtime, as the search proceeds.

In particular, the state space is broken up into regions
defined by rays that proceed from the origin, as shown in
Figure 2. Each region can use a different weight, w;, with
the general priority in the ¢th region being of the form
k;i(g+w;h), where k; is a normalizing constant that ensures
the isolines are contiguous at region borders. The weight
used in region ¢ is defined when the first state in that region
is generated. The weight is limited to be between wy,;, = 1
and wy,q; = 2w — 1, with the exception of edge cases where
a smaller range of values is permitted.

DSWA#* can then use different policies to decide where
the search should be more or less suboptimal. One simple
policy, called the Dynamic Weighted Policy (DWP), mea-
sures the ratio c¢(a, b)/h(a,b) for neighboring states in the
search. If this ratio is 1, the heuristic exactly captures the
distances in that part of the state space. In this case the DWP
policy calculates the angle between the newest ray and h-
axis, and returns w,in + (Wmaz — Wmin) - (angle/90)! for
i = 3. If the ratio is greater than 1, then there is some cost
that is not accounted for by the heuristic, and w4, 1S used.
The Moving Average Policy (MAP) measures the distribu-
tion of recent expansions, and increases the weight accord-
ing to this distribution.
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Figure 3: Average number of node expansions (y-axis) to
find solutions within a given suboptimality bound (z-axis)

Results

In Figure 3 we show a single result in the Sliding-Tile Puz-
zle. Here we compare fixed ¢ functions in WA*, PWXD,
PWXU, XDP, and XUP, along with Dynamic Potential
Search (DPS) (Gilon, Felner, and Stern 2016), and DSWA*
with a moving-average policy (MAP) and the dynamic
weighted policy (DWP).

When we use a unit-cost version of the problem with the
Manhattan distance heuristic, the DWP policy give a static
curve similar to XDP. It performs well, but similar to other
algorithms. When we weight some regions of the state space,
the DWP policy significantly outperforms other approaches.

Conclusions

DSWA¥* is a new algorithm which can determine at run-
time where to be more or less suboptimal. For DSWA* to
work well, it needs a signal that tells it when/where it should
be suboptimal. The open challenge is to understand where
those signals are found in real-world, and to find policies
that DSWA* can use to exploit them.
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