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Abstract

This technical report presents DD* Lite, an efficient incremental search algorithm
for problems that can capitalize on state dominance. Dominance relationships between
nodes are used to prune graphs in search algorithms. Thus, exploiting state dominance
relationships can considerably speed up search problems in large state spaces, such as
mobile robot path planning considering uncertainty, time, or energy constraints. Incre-
mental search techniques are useful when changes can occur in the search graph, such
as when re-planning paths for mobile robots in partially known environments. While
algorithms such as D* and D* Lite are very efficient incremental search algorithms,
they cannot be applied as formulated to search problems in which state dominance is
used to prune the graph. DD* Lite extends D* Lite to seamlessly support reasoning
about state dominance. It maintains the algorithmic simplicity and incremental search
capability of D* Lite, while resulting in orders of magnitude increase in search effi-
ciency in large state spaces with dominance. We illustrate the efficiency of DD* Lite
with simulation results from applying the algorithm to a path planning problem with
time and energy constraints. We also prove that DD* Lite is sound, complete, optimal,
and efficient.
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1 Introduction

There are many search problems for which state space reduction can be achieved
through simple comparison of states without compromising the optimality or com-
pleteness of the search [7, 6, 12, 3]. For example, consider the problem of planning a
path for a battery powered mobile robot navigating through some terrain. Suppose the
state of the robot is parameterized by its position and battery level. Because the avail-
able battery power is a finite resource, we can say that a state always better than
another stateB, at the same position if it has more battery power available. We say
that stateA dominates stateB. Dominance relationships, when they exist, are very
important in search problems because by exploiting these relationships and disregard-
ing dominated states, we can prune the search space considerably. This enables a much
more efficient solution to the search problem. Dominance relations have been success-
fully exploited in problems as varied as generating tests for combinatorial circuits [3]
and solving the manufacturer’s pallet loading problem [1].

Formally, given two states in a search algoritisinands;, a dominance relatio®
is defined as a binary relation such thgDs;j, that is,s; dominatess;, implies thats;
cannot lead to a solution better than the best obtainable $id6]. Dominated states
may be deleted without expansion in the search, thus eliminating entire branches of the
search tree.

Heuristic search techniques such as A* [5] have been successfully used in planning
and many other problems. Dynamic or incremental search algorithms [2] involve effi-
ciently computing the paths in a changing graph such as in a communications network
where individual links may go up or down, in a transportation network where roads
can be detoured, or in a robot’s navigation map where its sensors may discover new in-
formation about its environment. Combining heuristic search with incremental search
capability, in which solutions are repaired locally when changes occur, leads to algo-
rithms that support rapid re-planning and as such are very effective for robot navigation
in unknown or partially known environments. Incremental heuristic search techniques
such as D* [10] and D* Lite [8] have typically been employed in two-dimensional
planning scenarios such as on a regular grid overlaid on the terrain. However, there
are many scenarios, such as our example of the battery powered robot, in which the
planning and hence re-planning problem involves a search in a larger state space. For
example, a path planning problem may require reasoning about time, energy [11] or
even uncertainty [4]. Increasing the dimensionality, and hence the size of the state
space, greatly limits the set of problems that can be solved efficiently with such tech-
nigues. In practice, however, only a small fraction of the entire state space is relevant to
search. As such, techniques are needed to eliminate regions of the space which do not
need to be explored. Focussing the search using relevant heuristics is one way; pruning
the space by exploiting state dominance is another.

While dominance relations have been used extensively for pruning in static search
problems[7, 6, 12, 3], itis more complicated to exploit dominance in dynamic or incre-
mental search problems because a previously dominated branch of the search tree may
be needed at a later time when costs in the graph change. To exploit state dominance in
a dynamic search problem, the TEMPEST planner [11] explicitly resurrects dominated
regions of the space when changes in the graph occur. However, keeping track of what



regions of the space need to be resurrected can be complicated.

While the exact definition of dominance relationships depends on the particular
problem domain, the manner in which dominated states should be handled during the
search is a general problem and can be built into the algorithm. In an incremental
search, states may switch between being dominated and not dominated as changes oc-
cur in the search graph, and this must be handled seamlessly by the algorithm. In this
paper, we introduce the DD* Lite algorithm, an extension to D* Lite, that supports
reasoning about state dominance, while preserving soundness, completeness, optimal-
ity, and efficiency through incremental search. We apply DD* Lite to a path planning
problem with time and energy constraints, and present results illustrating that orders of
magnitude gains in performance can result from exploiting state dominance relation-
ships in incremental search.

2 Incremental Search

The DD* Lite algorithm extends D* Lite, an incremental search algorithm that enables
efficient repair of solutions when changes occur in a search graph.

As an example incremental search problem, consider a robot navigating through
partially known terrain. The search graph is an 8-connected graph obtained by over-
laying a regular grid on the terrain. Given the initial knowledge of the terrain, the algo-
rithm finds an optimal path from the start to the goal by computing objective function
values (minimum costs to the goal) for nodes in the graph, as illustrated in Figure 1(a).
Blocked cells are shaded black, while free cells are clear. In the general case, the tra-
versal cost of a cell may lie on a continuum between blocked and free. The robot begins
to follow the computed path, but at some point discovers changes in the graph: some
cells originally thought to be blocked are actually free, and other cells thought to be
free are blocked, as shown in Figure 1(b). The portion of the original path traversed by
the robot is indicated with a dashed line. When the discrepancies are discovered, the
algorithm re-plans by searching for an optimal path from the robot’s current position
in the new graph. This path from the new start location to the goal is indicated by a
solid line. Cells whose objective function values have changed are shaded gray. Of
these, only a few (shaded dark gray) are relevant to finding the new solution: D* Lite’s
efficiency lies in the fact that it recomputes only these values.

The D* Lite algorithm, like others in the D* family of algorithms, searches from the
goal to the start. In the robot navigation problem for which it was designed, changes in
the search graph are likely to occur close to the robot’s current position, as its sensors
discover discrepancies in the environment. Reversing the order of the search in this
way, so that areas close to the robot are near the leaves of the search tree, enables very
efficient replanning.

During the search, D* Lite maintains two estimates of the objective function of
a states: the g-value and therhs-value. Theg value is the current estimate of the
objective function of the state, while thins value is a one step lookahead estimate
of the objective function of the state based onghelues of its successors’) in the
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Figure 1: Incremental Search Example

graph:
%o

rhs(s) = if S = Sgoal

MiNs2suces) (C(S; 87) + g(s")) otherwise (1)

In equation 1¢(s; s") represents the cost of the directed edge feotms’.

In D* Lite, a state is defined asonsistenif its g-value equals it¥hs-value, and
inconsistentotherwise. Specifically, it is defined aserconsistenif ¢ > rhs and
underconsistenf g < rhs. As the search progresses, inconsistent states are inserted
into the priority queue for processing.

At the beginning of the algorithm, trgeandrhs values of all states are initialized
to 1, except the goal statgyoa, Whoserhs-value is initialized to 0. States can also be
initialized when they are first encountered during the search, to avoid instantiating all
states beforehand in large state spaces. To start with, the goal is the only inconsistent
state and is inserted into the priority queue for processing. The main loop of the algo-
rithm repeatedly processes states from the priority queue. When an overconsistent state
is removed from the priority queue, gsvalue is set equal to itishs value, thus making
it consistent. When an underconsistent state is removed from the priority quegie, its
value is set equal td., thus making it overconsistent. In addition, in either case, the
state’sg value is used to update thrls values of its predecessors in the graph accord-
ing to equation 1, and the predecessors are in turn inserted into the priority queue if



they become inconsistent. The main loop of the algorithm terminates when the start
state Sstart, has been processed and is consistent. At this point, an optimal path from
Sstart 10 Sgoal has been computed.

When changes in the graph occur, D* Lite computes neswalues for the affected
states and inserts them into the priority queue if they are inconsistent. The main loop
of the algorithm is then executed again until a new optimal path has been computed.

D* Lite is algorithmically simple yet efficient, making it an ideal starting point for
an extended algorithm that supports exploiting state dominance.

3 Incremental Search with State Dominance

The basic idea underlying search with state dominance is to identify and dominated
states before they are expanded and prune the search trees rooted at these states In
incremental search, edge costs in the search graph may change and so states that were
once dominated may no longer be dominated, and vice-versa. It is important to keep
track of these changes, restoring previously pruned regions of the space as needed.

For a statas to dominate another in our algorithm, DD* Lite, it must first dom-
inate according to the domain definition of dominance, and secondly, it must have a
lower or equal objective function value. This ensures that a dominated state cannot
lead to a solution better than the best obtainable from the dominating state. In addition,
dominance relations must obey the following properties:

T A state cannot dominate itself
T If a stateu dominates another statethenv does nodominateu.

t Transitive property: if a state dominates another state andv in turn domi-
natesw, thenu dominatew.

To keep track of which states are dominated as we search through the state space,
we label states adominatedor not dominatedA state is labeled asominatedf there
is at least one other state in the space which dominates it, and is lato¢lddminated
otherwise. In the search, we do not expand dominated states, effectively pruning the
subtree rooted at the dominated state.

We extend the D* Lite algorithm to support this concept. One extension is that, in
addition to keeping track of current and one-step lookahead estimates of the objective
function value of a state, as described in the previous section, we also keep track of
current and one-step lookahead estimates of whether or not a state is dominated. Thus,
theg andrhs values are defined as tuples with two components: an objective function
component and a dominance component. The objective function component represents
the cost of the path from the state to the goal, and can assume values ranging from O
to A inclusive. The dominance component represents whether or not the state is dom-
inated and can take on one of two discrete valuesT_DOMINATED Of DOMINATED,
whereNOT_DOMINATED <DOMINATED.

9(8) = [9objf(S);Gdom(s)] (2
rhs(s) = [rhsejf(S); rhsgom(s)] 3
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Theg-value is the current estimate of the objective function and dominance value of
a state, while thehs-value is the one-step lookahead estimate of the objective function
and dominance value of a state based orgtlialues of its successors in the graph.

We can define comparison operators on the domain of objective function and dom-
inance value tuples as follows: first compare the objective function values, and then,
in the case of a tie, compare the dominance values. J}re; =; ,;=; and & op-
erators can be defined in this way, as can the min() and max() functions. For exam-
ple, we say thag(s) < g(s") if and only if (goo;(S) < Gonj (")) _ (Gonjr(s) =
Jobjf (5°) ™ Gdom (S) < Gdom(s")). Similarly, g(s) < rhs(s) if and only if (govj (S) <
rhsobj(S)) _ (Gobj£ (S) = rhsopjs(S) ™ Gdom(S) < rhsgom(s)).

Given a directed graph in which the cost of traversing an edge from asstata
states’ is represented bg(s; ), the purpose of the DD* Lite algorithm is to find the
optimal (least-cost) path from a start state representezihy; to a goal state repre-
sented bysgoal. Since the search proceeds backwards from the goal to thesgtart,
has the lowest objective function value of all states in the space and is, by definition,
not dominated. In addition, it is assumed tlad,+ is not dominated. This can be
ensured by the domain definition of dominance. Alternatively, the start state may be
only partially specified by defining start setof dominance neighborSgtart, with the
idea that we want our true start stasgsart, t0 be the least-cost non-dominated state
in Sstart- FOr example, in a path-planning problem, a start set might be the set of all
states atX; y] position [4,5]: this set includes many states with different time or energy
values. In the algorithm listings in this technical report, a specific start stategs, is
used. It is, however, trivial to change the implementation to use a sta8sggt, and
this is what is used in practice.

The goal distanceof a states is the cost of the least-cost path fra@mo syear.

Given the definition of dominance stated previously, it is obvious that there should be
no dominated states on the least-cost path between a non-dominatedsstesgoa) -

To focus the search, we define a heuristic functis; s'), that yields an estimate
of the cost from a state to another state’. The heuristic function must bedmis-
sible meaning that it must yield a value that is less than or equal to the true cost of
the optimal path betweesiands’. Furthermore, heuristics must obey the triangle in-
equality, meaning that(s;s?) = h(s;s’) + h(s’;sY) for statess, s’, ands® in the
graph. Ifs’ ands® are connected by an edge in the graph, then another expression of
the triangle inequality ish(s;s¥) = h(s;s’) + c¢(s’; s*). Since the search proceeds
from the goal state to the start state, the heuristic function, representg@dayrt; S),
is an estimate of the cost from the start statgart, to a given stats. In implemen-
tations in which a start seBstart is used, then the heuristl(Sstart; S) represents
the minimum estimate of the cost of the path from any state in the start sethat
is, N(Sstart; S) = Mingzs,,..(N(s'; S)). We useg(s) + h(Sstart;S) as a shortcut to
represent the tuplégonj £ (S) + N(Sstart; S); Jdom (S)]. Similarly, rhs(s) + h(Sstart; S)
representfrhsoy;£(S) + h(Sstart; S); rNSaom (S)]-

As in the D* Lite algorithm, a states, is described asonsistentwheng(s) =
rhs(s), andinconsistentotherwise. A state igverconsistenif g(s) > rhs(s) and
underconsistenif g(s) < rhs(s), where the =<, and> operators are as described
above. Inconsistent states are inserted into the priority queue for processing.

Another extension we make to the D* Lite algorithm is in the definition of the



neighbors of a state, which are used in computing the stete’svalue, or whosehs

values are affected by changes to the state&ue. In addition to a state’s predecessors

and successors in the graph, we define a third class of neighbors: dominance neighbors.
The set of dominance neighbors of a stateis the set of states that can potentially
dominate or be dominated Isy Like the predecessors and successors in the graph, the
set of dominance neighbors is problem-dependent.

With this new definition of the neighbors of a node, we can specify thathke
value of a node, defined in equation 8, always satisfies the following relationship. In
the following equationsk- (s) is used to refer to the set of non-dominated successors
of a states. D(s) is used to refer to the set of states which dominate stafe in D*

Lite, c(s; s") represents the cost of the directed edge feotms’.

%0
) _ if S = Sgoal
rhSojr (S) = mingo2r (¢(S; s°) + gobrj (s°)) otherwise “)
%o
_ NOT_DOMINATED if D(S) = ;
rhSaom(S) = 5o pinaTED otherwise ©)
where:
F(s)=T1s":s" 2 Succ(s) ™ ggom(s") =NOT_DOMINATED g (6)
D(s) = fs’ : s’ 2 DominanceN eighbors(s)
~ Dominate(s’; s)  (Qobjf(s%) = rhsonj+(s))
" (Gobj £ (8% + h(Sstart; s")
= rhsepjf(S) + h(Sstart; S)) 9 (7)

According to the equations above, the objective function value of asisitdfected by

the objective function and dominance values of its successors in the graph. Similarly,
the dominance value gfis influenced by the objective function values of its dominance
neighbors.

The composition of the sdD(s) deserves some explanation. The fact that the
exact definition of dominance is problem-dependent is handled by the use of a function
Dominate(s’; s) which returnsTrRUE if the states’ dominates the state according
to the domain definition of dominance. The formal definition of dominance requires
that a dominated state does not lead to a solution better than the best solution that can
be obtained from the dominating state. That is, the dominated state can be ignored
without loss of optimality in the solution. Hence, the DD* Lite algorithm also requires
that for a state to be labelebMINATED, its objective function value must be greater
than or equal to the objective function value of the dominating state, as captured by the
third term of equation 7. This guarantees that states lalmededNATED cannot lead to
better solutions than those obtained from the dominating state. Furthermore, a state is
labeledboMINATED only when the dominating state has already been processed off the
open list, a condition captured by the final term in equation 7. This makes it possible
to bound the number of times a node is processed off the open list, as discussed in the
section on “Theoretical Properties”.



4 DD* Lite Algorithm

The basic DD* Lite algorithm is shown in Figure 2. Differences from the basic D* Lite
algorithm are indicated with line numbers emphasized, such as 1

The Main() function of the algorithm calls Initialize(), which initializes thend
rhs values of all states in the space. Initiallyqa is inserted into the priority queue
as the only inconsistent state. It is worth noting that in practice, due to the potentially
large size of the state space, only the goal state is initialized at this time; the other states
are dynamically created and hence initialized only as they are encountered during the
search. Similarly, states are deleted when they are deemed unreachable (i.e., both the
Jobjf andrhsepjs values arel): this can occur to predecessors of dominated states,
or to states that are unreachable due to obstacles in the state space.

Main() then executes ComputeShortestPath(), which contains the principal loop of
the algorithm. Like in D* Lite, ComputeShortestPath() repeatedly removes the state
with the smallest key from the priority queue. The key of a ste¢g), has two compo-
nents,[k1(s); ka(s)], wherek; (s) andk,(s) are each an objective function and dom-
inance value pair, defined as follows; (s) = min(g(s); rhs(s)) + h(Sstart; S) and
ko(s) = min(g(s); rhs(s)). We compare two keys, s#&y(s) andk’(s), by comparing
the first components and, in the case of a tie, comparing the second components. Hence,
we say thak(s) < k'(s) if and only if (k1 (s) < ki (s)) __ (k1(s) = K} (s) “ka(s) <
Ky(s)).

An overconsistent state (line 18) is processed by being made consistent on line
19. Cost changes are then propagated to predecessors and dominance neighbors on
lines 20-21, by calling UpdateVertex() on these states. Changes tdfieor the
gdom Values of a state may affect thiasopjr value of its predecessors as indicated
in equation 9. Changes to tligy;r value of a state may affect thdsgom value of
its dominance neighbors as indicated in equation 10. UpdateVertex() computes the
updatedrhs value of a state. The state is then inserted into the priority queue if it is
inconsistent. Note that if the state has no non-dominated successohsqliss value
is A, which eventually results in the state being pruned from the space.

An underconsistent state (line 22) is processed by being made overconsistent on
line 23. UpdateVertex() is then called on its predecessors and dominance neighbors as
well as the node itself, to allow inconsistent states to be inserted back into the prior-
ity queue. ComputeShortestPath() terminates once the start state is consistent and all
states that could dominate it have been processed from the priority queue, a condition
captured by the expression on line 16.

4.1 Discussion

A couple of ideas underlying the DD* Lite algorithm merit some comment. First, the
DD+ Lite algorithm conceptually implements a tuple-based objective function where
the first element is the solution cost and the second is the dominance relation. However,
it maintains sufficient information and performs the checks necessary to incremen-
tally repair the solution when either the objective function or the dominance relation
changes, which would not be possible with the straight substitution of a tuple-based
objective function.



The priority queuel, has the following functiondJ.Insertfode; key) inserts a node
into the priority queue with the given kay,Pop() removes the node with the minimum
key from the priority queué).TopKey() returns the minimum key of all nodes in the
priority queue, andJ .Removagode) removes a node from the priority queue.

procedure CalculateKey()
1 return[min(g(s); rhs(s)) + h(Sstart; S); Min(g(s); rhs(s))] ;

procedure Initialize()

2 U fi;

3 forall s2 S rhs(s);g(s) i [1; NOT_-DOMINATED];
4 rhs(Sgoal) ~ i [0; NOT_DOMINATED];

5 U.Insert( sgoal, CalculateKey(  Sgoar)) ;

procedure UpdateVertexE)

6 if S & Sgoar ComputeRHS(S) ;

7 ifs2U U:Remove(s);

8 if g(s) & rhs(s) U:lnsert( s, CalculateKey( 9)) ;

procedure ComputeRHSE)

9 F Tj fs°:s° 2 Succ(s) and gaom(S") =NOT_DOMINATED g ;
10 teMpobjr i MiNso2r (Jobjr (") + ¢(s; 8Y));
11 tempdom ~ i NOT_DOMINATED;

12 forall s 2 DominanceN eighbors(s)

13 if Dominate( s°;s) and gobjr(s’) = tempopj+ and
Gobj £ (8%) + h(Sstart; ”) = teMpobjr + N(Sstart; S)
14 teMmpdgom ~ i DOMINATED ;
break;

15 rhs(s) T i [tempobj+; teMPdom];

procedure ComputeShortestPath()
16 while U.TopKey() <= CalculateKey(  Sstart) Or rhs(Sstart) & g(Sstart)
17 s "i UPop() ;

18 if g(s) > rhs(s)

19 g(s) i rhs(s);

20 for all ' 2 DominanceN eighbors(s) [ P red(s)

21 UpdateVertex(  s°);

22 else

23 g(s) " i [1, NOT_DOMINATED];

24 for all s' 2 DominanceN eighbors(s) [ P red(s) [ fsg
25 UpdateVertex( s);

procedure Main()
26 Initialize() ;
27 repeat forever

28 ComputeShortestPath()

29 Wait for changes in edge costs ;

30 for all directed edgegu; v) with changed edge costs
31 Update the edge cos(u; v);

32 UpdateVertex( u);

Figure 2: DD* Lite



Secondly, while it is typically easy to determine the predecessors and successors
of the state from the search graph, retrieving the “dominance neighbors” of a node
may not always be easy or efficient. Although the correctness of the algorithm is not
dependent on identifying all potentially dominated states, the gain in efficiency due
to pruning obviously increases with the number of instances of dominance that are
identified. In general, domain knowledge about potential dominance relations will
need to be exploited to determine how to store states so that retrieving dominance
neighbors is efficient. For example, in the robot exploration domain involving a battery-
powered rover, we specify dominance neighbors to be all states that share the same
spatial dimension, and we store these states in a data structure that enables dominance
neighbors to be accessed efficiently. In addition, implementation strategies can allow
for efficiently stepping through the set of dominance neighbors. For example, in the
exploration domain, we instantiate states only when they are first encountered in the
search so that the list of dominance neighbors of a state is initially small, but grows
as the search progresses. Furthermore, we stop stepping through dominance neighbors
when we encounter one dominating state, so we often do not have to go through the
entire set.

4.2 Theoretical Properties

As captured in the following theorems, detailed proofs of which appear in the appendix,
DD* Lite retains the soundness, completeness and optimality properties of D* Lite.
Additionally, we can prove similar properties concerning its efficiency.

Theorem. ComputeShortestPath() expands a non-dominated state in the space at
most twice; namely once when it is locally underconsistent and once when it is locally
overconsistent (refer to Theorem 12 in Appendix).

Theorem. ComputeShortestPath() expands a dominated state in the space at most
four times; namely at most once when it is underconsistent and not dominated, once
when it is overconsistent and not dominated, once when it is underconsistent and dom-
inated, and once when it is overconsistent and dominated (refer to Theorem 12 in Ap-
pendix).

Theorem. After termination of ComputeShortestPath(), one can follow an optimal
path fromsstart t0 Sgoal by always moving from the current stadestarting atsstart,
to any non-dominated successdrthat minimizesc(s; s’) + gobjf(so) until sgoal Is
reached (breaking ties arbitrarily) (refer to Theorem 14 in Appendix).

An informal proof of the first two theorems is based on two observations. First
is the observation that the keys of the states selected for expansion on line 17 of the
algorithm are monotonically nondecreasing over time until ComputeShortestPath() ter-
minates. This implies that once a statés made consistent on line 19, kHisepjr
value does not change until ComputeShortestPath() terminates. This is because no
state processed afterhas a lower key, and hence a lower objective function value,
thans does, implying that a better path to the goal frewannot be found.

The second observation is that once a state becomes dominated, it stays domi-
nated until ComputeShortestPath() terminates. Because states are processed in order
of increasing keys, when a dominated state processed from the priority queue, the
dominating state’ is already consistent can becomelOT_DOMINATED again only



if the gon; Value ofs’ increases, which only occurssf is processed from the priority
queue as an underconsistent state, which in turn does not occur betisusmsistent.

Combining these two observations with the fact that the main loop of the algorithm
processes an overconsistent state by making it consistent and an underconsistent state
by making it overconsistent, shows that a state is processed from the priority queue at
most once in each of the four different cases outlined in the second theorem. If the
state is eventually dominated, it may go through all four scenarios. If it is eventually
not dominated, it is processed in at most two of the scenarios.

The third theorem follows from the fact that the ComputeShortestPath() terminates
only when the start stat,r+ and all states with a lower or equal objective function
value are consistent. At this point, th&jr andrhsejr values of all states on the path
to the goal satisfy equation 9, and from the equation, none offlibg,jr values are
based on dominated states.

Formal proofs of these theorems appear in the appendix. The theorems capture the
property that the algorithm correctly finds the optimal path between the start and the
goal, and that dominated states are not included on this path. They also describe the
efficiency of the algorithm: if no states in the space are dominated, the algorithm does
as much work as D* Lite, processing each node at most twice. Dominated states are
processed at most four times. Although DD* Lite potentially does more work per node
than D* Lite, we show in the next section that the performance gains from exploiting
state dominance far outweigh the extra processing required.

5 Simulation Results

We applied DD* Lite to the problem of planning a path for a solar-powered mobile
robot navigating from a start to a goal location in partially known terrain. The robot’s
solar panel charges a battery which in turn powers the wheels. The robot has a finite
battery capacityyAX _BATTERY, and attempts to reach the goal in the shortest amount
of time. This is a path planning problem in three dimensions: each state is parameter-
ized by three variablegx; y; e), wherex andy are the two spatial dimensions, aed
represents the energy required to reach the goal.

The two spatial dimensiong, andy, are represented as a regular grid. Each grid
cell has an associated time and energy astndc,, representing the time and energy
respectively required to cross the cell. Time costs are always positive, but energy costs
may be positive or negative to account for solar charging as well as energy consumption
for locomotion. When the robot transitions from one €&l; y;) to a neighboring cell
(X2;¥2), the resulting value of the energy variabledepends on the starting enegy
and the energy costs of the two cells.

The problem is to plan a path from the start to the goal while optimizing traversal
time and satisfying energy constraints. In this domain, we assert that it is always better
to require less energy to reach the goal. This results in the following definition of
dominace: Two stateg = (X1;y1;€1) ands,; = (Xz;Y2; €2) are dominance neighbors
if they are at the same spatial location, thatXg,= X, ™y, = y.. Furthermore,

s, dominatess; if e; < e,. That is, for a state to dominate another, it must have
a lower energy requirement. In addition, we use dominance to eliminate states that
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are too similar, i.e., that are at the same spatial location and have very close energy
values. We call this type of dominance “resolution equivalency”. This was done to
keep the size of the state space manageable. We used the cost of the 8-connected path
assuming minimum time costs as the focussing heuristic in this domain. This heuristic

is admissible and obeys the triangle inequality.

Figure 3 illustrates a path found by the DD* Lite algorithm. The path is shown
superimposed on the time and energy cost maps. In the time map, darker shading rep-
resents larger time costs. In the energy cost map, clear cells indicate areas where solar
charging more than compensates for the energy requirements of locomotion. Darker
cells indicate areas where this is not the case. The selected path (solid line) opti-
mizes time while satisfying energy constraints. The path that would have been selected
(dashed line), had there been no energy constraints, is also shown.

(a) Time cost map (b) Energy cost map

Figure 3: Example DD* lite plan superimposed on time and energy cost maps.

To characterize the performance of DD* Lite, we planned paths through several
maps of different sizes with random time and energy costs. For each map size, we
planned paths for 10 different random costs fields with the start and goal states at
opposite corners of the map. We compared the planning time with dominance turned
on to that with dominance turned off (except for resolution equivalency). Figure 4(a)
plots the average planning time in seconds on the vertical axis against the size of the
map on the horizontal axis. The experiments were run on a Pentium M 770 2.13 GHz
processor. All maps were square, e.g. 64x64. The figure illustrates that as expected,
exploiting dominance resulted in large improvements in planning time. Figure 4(b)
illustrates a similar comparison for an alternative measure of planning efficiency, that
is, the number of unique states visited in the search.

Since DD* Lite is an incremental search algorithm, the real test is of replanning
efficiency. In our example, as the solar powered robot navigates through some terrain,
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Figure 4: Comparison of planning efficiency with and without dominance

its sensors will discover discrepancies between its environment and its prior model of
the world. For example, the terrain in a given cell could be rougher than previously
estimated, resulting in higher time and/or energy costs, or there could be a greater
exposure to sunlight than previously expected, resulting in lower energy costs. These
observed changes cause the robot to modify its map and replan a new path to its current
location. We compared the efficiency of replanning versus planning from scratch for
this scenario, again using maps of varying sizes with random time and energy costs.
The goal was placed at the corner of the grid, while the start for each run was placed
at a random location within the grid. We planned an initial path to the start location,
made some random changes in the cost field in a 3x3 region at the start location, and
replanned a path. The replanning time and the number of states expanded in the search
were compared to the planning time and number of states expanded when planning a
path from scratch in the new cost field. Figure 5(a) shows the ratio of the total plan-
from-scratch time to the total replanning time for 20 runs with random start locations. It
shows that replanning is generally more efficient than planning from scratch and that,
when expressed as a proportion of plan-from-scratch time, the replanning efficiency
when dominance is exploited is comparable to that when dominance is not exploited.
Figure 5(b) shows similar results for the ratio of the number of states expanded when
planning from scratch to the number of states expanded when replanning. These results
illustrate that DD* Lite maintains the incremental search efficiency of D* Lite.

Although the ratio of plan-from-scratch time to replanning time when dominance is
exploited is comparable to that when dominance is not exploited, exploiting dominance
results in performance gains in absolute terms for re-planning as well as planning.
Figure 6(a) compares the average plan-from-scratch time to the average re-planning
time for 20 runs with random start locations. Figure 6(b) compares the number of states
expanded in the search for the same scenario. Both figures illustrate that exploiting
dominance results in increased efficiency in re-planning and planning.
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Figure 5: Ratio of performance cost of planning from scratch versus replanning, with
and without dominance

100 ~ 100000 -
/ . /( /-
10 P S 10000
o 1 L 1000 —
g X2 g. >/ X o
.o i e
0.1+ vy 100 .0
0.01 10
8 16 32 64 8 16 32 64
Map dimension Map dimension
—— No Dominance (plan-from-scratch) —— No Dominance (plan-from-scratch)
---x--- No dominance (replanning) ---x--- No dominance (replanning)
——e—— Dominance (plan-from-scratch) —— Dom?nance (plan—fro_m—scratch)
---e--- Dominance (replanning) ---o--- Dominance (replanning)
(a) Planning/replanning time (b) # states expanded

Figure 6: Comparison of efficiency of planning from scratch versus re-planning, with
and without dominance

6 Conclusions

We present DD* Lite, an incremental search algorithm that reasons about state dom-
inance. DD* Lite extends D* Lite to support reasoning about state dominance in a
domain-independent manner. It maintains the algorithmic simplicity and incremental
search capability of D* Lite, whilst enabling orders of magnitude improvements in
search efficiency in large state spaces with dominance. In addition, DD* Lite is sound,
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complete, optimal, and efficient.

An important contribution of the DD* Lite algorithm is that it enables D*Lite-like
incremental search algorithms to be extended into larger state spaces in a manner that
is simple, easy to understand, and efficient. Several interesting classes of problems,
such as the problem of energy and time constrained path planning that motivated this
work, benefit from increasing the feasibility of incremental search in these spaces.
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7 Appendix - Proofs of the Basic Version of DD* Lite

As stated in the following theorems, DD* Lite is sound, complete, optimal and ef-
ficient. Since DD* Lite extends D* Lite, many of the theorems below are similar
to theorems developed by Koenig and Likhachev for D* Lite and in these cases, the
proofs borrow heavily from the D* Lite proofs [9]. The table below can serve as a
quick reference relating the DD* Lite theorems to the D* Lite ones.

the

are

the

the

11°)
=

DD* Lite | Corresponding | Comments
Theorem D* Lite Theorem
(if any)

Theorem1 | Theorem5 The theorems are different because the DD*
Lite version considers dominance.

Theorem 2 | Theorem 6 The theorems are the same, but the proof of
DD* Lite version considers dominance.

Theorem 3 | Theorem 7 The theorems are the same and the proofs
very similar.

Theorem4 | Theorem 8 The DD* Lite version considers dominance, re-
sulting in a slightly different theorem.

Theorem5 | Theorem 9 The theorems are the same, but the proof of
DD* Lite version considers dominance.

Theorem 6 | Theorem 10 The theorems are the same, but the proof of
DD* Lite version considers dominance.

Theorem 7 | Theorem 11 The theorem and proof is almost exactly t
same in both versions.

Theorem 8 | Theorem 12 The theorems are different because the DD*
Lite version considers dominance.

Theorem9 | — No correspondence

Theorem 10 | Theorem 12 The DD* Lite Theorems 8 and 10 togeth
roughly correspond to Theorem 12 of D* Lite|

Theorem 11 | — No correspondence

Theorem 12 | Theorem 14 The theorems are different because the DD*
Lite version considers dominance.

Theorem 13 | Theorem 15 The DD* Lite version is very similar to the D7
Lite version but considers dominance.

Theorem 14 | Theorems 16 &| The DD* Lite version is very similar to the D3

17 Lite version but considers dominance.

Theorem 1. Therhs-values of all verticesi 2 S always satisfy the following rela-

tionship:

rhs(u) = [A:;hsobjf (u); rhsgom(u)] (8)

rhsepjr(u) =

Minsoor (C(U; s°) + gobrj (%)) otherwise

|f u= Sgoa|

©)
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%o
NOT_DOMINATED if D(u) = ;
rhsdom(u) = ( )

DOMINATED otherwise (10)

where:
F(u)=fs’: s’ 2 Succ(u) ™ gdgom (") =NOT_DOMINATED g (11)
D(u) = fs": s 2 DominanceN eighbors(u) ~ Dominate(s’; u) ™ (gobj(s’) < 1

" (Gobjr (") = rhsopj £ (U)) ™ (Gobj £ (S°) + h(Sstart; ") = rhsopj s (U) + h(Sstart; WD)

Proof. The rhs-values set by Initialize() satisfy this relationship. THesqj¢ and

rhsgom values of the equations can change for a vertex when the cost of an outgoing
arc changes, or when tlgevalues of its forward neighbors (successors) or dominance
neighbors change. This can happen on lines 19, 23, and 31. In all these cases, Up-
dateVertex() is called on the potentially affected nodes, ensuring thaththealues
continue to satisfy the relationship. O

Theorem 2. The priority queue contains exactly the locally inconsistent vertices every
time line 16 is executed.

Proof. In Initialize(), the priority queue is initialized to contain exactly the locally
inconsistent vertices. Thereafter, the local consistency of a vertex can change when its
g-value or itsrhs value changes. This can happen on lines 19, 23, or 15.

When a vertex is being expanded, line 17 removes the vertex from the open list.
If the node is overconsistent, line 19 then makes the node consistent, and the node
correctly remains off the open list.

In all other cases where thyeor rhs values can change, UpdateVertex() removes
the vertex from the open list if it is on the open list (line 7). It then inserts the vertex
into the open list only if it is inconsistent (line 8).

Thus, the priority queue contains exactly the locally inconsistent vertices every time
line 16 is executed. O

Theorem 3. The priority of each verten 2 U is equal tok(u)

Proof. Whenever a vertex is inserted into the open list, its priority is set equal to its
key. The key can change when eithergtsalue or itsrhs-value changes. This can
occur on lines 19, 23, and 15.

On line 19, thgy value is changed, but the vertex is not on the open list. On line 23,
theg value is changed, but UpdateVertex() is called immediately afterwards. UpdateV-
ertex() removes the vertex from the priority queue and reinserts it if it is inconsistent,
using a priority equal to its recalculated key. On line 15, ithe value may change.
This occurs in the ComputeRHS() function which is called from UpdateVertex(). After
calling this function, UpdateVertex() removes the vertex from the priority queue and
reinserts it if it is inconsistent, using a priority equal to its recalculated key. As such,
the theorem continues to hold. O
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Theorem 4. Assume that vertex has keyky,y(u) and is selected for expansion on
line 17. If vertexv is locally consistent at this point in time but locally inconsistent the
next time line 16 is executed, then the newkgy, (v) of vertexv satisfiek ) (v) >
Koy (u) the next time line 17 is executed/ifs a backward neighbor (predecessor) of
u andKay(v) » Koy (u) otherwise (i.e.y is only a dominance neighbor aj.

Proof. Assume that verten has keykyy(u) and is selected for expansion on line 17.
Vertexv is locally consistent at this point in time but locally inconsistent the next time
line 16 is executed.

The local consistency of a vertex changes whem its rhs values change. The
g value of vertexv does not change in ComputeShortestPath(), because the only node
whoseg value changes ig, andv & u. Therhs value of a vertex can change when
the cost of an outgoing edge changes, orgh&lue of one of its forward or dom-
inance neighbors changes. However, the costs of outgoing edges do not change in
ComputeShortestPath(). As such, if the local consistency of vertbanges, it means
that itsrhs value changed and heneés a dominance neighbor af a backward neigh-
bor (predecessor) af, or both. We will consider these cases separately. Each case has
two sub-cases, correspondingudeing overconsistent andbeing underconsistent.

Case 1 v is a dominance neighbor of but not a backward neighbor.

Sub-Case lau was overconsistent. This means tlygf,y(u) > rhsy(u),
which is equivalent to Saying thggbjf b(u)(u) > rhSObjf b(u)(u) Or Jobj b(u)(u) =
rNSobjf beuy (U)Gdom beuy (W) = rhSgom ey (U). The vertex is made consistent on line
19 and subsequently, we hayg.,(u) = rhs;,)(u) = rhsyq,)(u). Sincev is only a
dominance neighbor af and is not a predecessor, itssqyj+ is unaffected by changes
tou (per Equation 9). As sucly,can only become inconsistent as a result of changes to
its rhsgom value due to a change gap;r (u). Specifically, sincal was overconsistent,
Jobjf (U) has reduced, and may now be dominated by. Suppose that was pre-
viously not dominatedrhSgqom (V) =NOT_DOMINATED) and thatu now dominatew.
This implies thats was also not dominated since any state that dominatesuld also
dominatev. Furtherrhsgom (V) now changes froriOT_DOMINATED t0 DOMINATED.
If this happensy now becomes inconsistent and is put onto the open list with a key
equal to [Minfacuy(v), rhsawy(V)) + h(Sstart; V); Min(@acuy(V), rhsawy(v))]l. The
key can also be written agdy (V) + h(Sstart; V); 9au) (V)] becaus@opjs aquy(V) =
rhsgpjs acuy (Sincev was previously consistent and ithsqj¢ value did not change)
andggom aquy(V) < rhSgom aquy (Sincerhsgom(v) increased fronNOT_DOMINATED
to DOMINATED). Now, sinceu dominatesv, we know from the definition of domi-
nance (Equations 10 and 12) thiglj s acu)(U) = rhSopjs acuy(V) = Jobjf acuy (V) and
Gobjf a(uy(U) +N(Sstart; U) = rhSepjf ac)(V) +N(Sstart; V) = Gaquy (V) +h(Sstart; V).
Thus,Kawy (V) » Kpeuy(u), and the theorem holds for this sub-case.

More concisely,

ka(u) W)= [min(ga(u) (v); rhSa(u) (V) + h(sstart; V), min(ga(u) v); rhsa(u) )]
= [ga(u) (V) + h(Sstart; V); Ja(u) )]
= [[9objf a(uy(V); NOT_DOMINATED] + h(Sstart; V); [Jacuy(V); NOT_DOMINATED]]
=[[rhsebjf acuy(V); NOT_DOMINATED] + h(Sstart; V); [FNSacuy(V); NOT_DOMINATED]]
> [[9objf auy(U); NOT_DOMINATED] + h(Sstart; U); [Jobjf acu)(U); NOT_DOMINATED]]
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= [[rhSobjf acu)(U); NOT_DOMINATED] + h(Sstart; U); [FNSopjf aquy(U); NOT_DOMINATED]]
= [[rhSobjf b(uy(U); NOT_DOMINATED] + h(Sstart; U); [FNSopjf beuy(U); NOT_DOMINATED]]

= [rhsp(uy(u) + h(Sstart; U); rhspy (U)]
= Kp(uy (U)

Sub-case 1bu was underconsistent. This means thgty(u) < rhsyq)(u),
which is equivalent to Saying thg&bjf b(u)(u) < rhSobjf b(u)(u) Or Jobjf b(u) (U) =
rNSobjf buy(U) ™ Gdom beuy (U) < rhSgom beuy(U). After line 23, we have(u) = [1,
DOMINATED]. Sincev is only a dominance neighbor of its rhsepj¢ is unaffected
by changes ta. As such,v can only become inconsistent as a result of changes to
its rhsqom value due to a change Gy ¢ (u). Specifically, ifv was previously domi-
nated by only, rhsgom (V) may change frondDOMINATED to NOT_DOMINATED, Since
Jobj £ (U) has increased: now becomes inconsistent and is put onto the open list with
a key equal to [mirl:{a(u) (V), rhSa(u)(V)) + h(sstart; V); min(ga(u)(v)v rhsa(u) (V))]

The key can also be written ashis; ) (V) + h(Sstart: V); rhSacy (V)] becaus@opjt acw)(v) =
rhsgpis aquy (Sincev was previously consistent and ithsqpj¢ value did not change)
and ggom a@y(V) = rhSgom aqy (sincerhsgom(v) decreased fronbOMINATED to
NOT_DOMINATED). Now, sinceu previously dominated, we know thatjopj £ neuy(U) =
rhsepjf by (V). And sincev is no longer dominated, we know thatwas the only
node that dominated, which means that it must have been itself not dominated:
Jdom (U) =NOT_DOMINATED. Furthermore, sinca was underconsistenky,(u) =
[MiN(Gocuy (U); rhspey (U)) + (Sstart; U); MiN(Gpuy (U); Sy (U)] = [gbuy (W) +
h(Sstart; V); Oocuy (W], and sKauy (V) » Kpeuy(u), and the theorem holds for this sub-
case.

More concisely,

ka(u) W)= [min(ga(u) v); rhsa(u) (V) + h(sstart; V); min(ga(u) (v); rhsa(u) )]
= [rhsauy (V) + h(Sstart; V); rhsay (V)]
= [[rhSobjf acu)(V); NOT_DOMINATED] + h(Sstart; V); [rNSacu)(V); NOT_DOMINATED]]
= [[rhSobjf b(uy(V); NOT_DOMINATED] + h(Sstart; V); [FNSpuy (V); NOT_DOMINATED]]
> [[obj b(uy(U); NOT_-DOMINATED] + h(Sstart; U); [Jobj ¢ beuy(U); NOT_DOMINATED]]
= [gb(u)(u) + h(sstart; U); gb(u)(u)]
= Kpquy (U)

Case 2 v is a backward neighbor (predecessoriigand may also be a dominance
neighbor ofu)

Sub-Case 2au was overconsistent. This means tlygl,y(u) > rhsy(u),
which is equivalent to saying thgtyj ¢ nuy(U) = rhsepjs beuy(U) OF Gobjf beuy(U) =
rhSopjt buy (U) ddom beuy (U) > FNSgom beuy(U). In addition Kyeuy (U) = [MiN(gyuy (U),
rhspy (U))+h(Sstart; U); MiN(@scuy (U), rhspy (U))] = [rhspy (U)+h(Sstart; U); rhspy (W)]-
After line 19, we hava@,y(u) = rhsyy(u) = rhsyy(u). Sincev is a backward
neighbor (predecessor) of rhsqj¢(v) may be affected by the reductiongiu), but
only if ggom a(uy(U)=NOT_DOMINATED andgopjf aquy(U) +c(v; u) < rhsgpjs peuy(v)-
If this is the case, themhsgyj¢ aq) (V) = Jobjt acuy(U) +c(v; u). Note thatrhsgom(v)
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may now decrease fromOMINATED to NOT_DOMINATED if v was previously dom-
inated by another state with rhsgpjs au)(V) < Gobjf(X) < rhSepjs py(v). Fur-
thermore, ifu andv are also dominance neighbors, it is possible doto domi-
natev, which would makerhsgyom auy(v) =DOMINATED. Whether or notrhsgom
changesrhsay (V) < gawy(v) andv goes back onto the open list with a key of
I(a(u) (V) = [[rhsobfj a(u) (V); rhSgom (V)] + h(Sstart; V); [rhsobfj a(u) (V); rhsdom(v)]]
= [[9objF aquy(W)+c(v; u); rhsgom (V)]+h(Sstart; V); [Gobjf acuy(U)+c(V; U); rhsgom (V)]]-
Sincec(v; u) > 0 andc(v; u) +h(Sstart; V) » h(Sstart; U) (by the triangle inequality),
thenkaquy (V) = kpy(u) and the theorem holds for this sub-case.

More concisely,

Kaquy (V) = [Min(@acu) (V); rSacw) (V) + h(Sstart; V); Min(Gacuy (V); rhsaq) (V)]
= [rhsaqy (V) + h(Sstart; V); rhsacy (V)]
= [[gobjf a(u) (u) +c(v; u) + h(Sstart; V); rNsgom a(u)(V)]; [gobjf a(u)(u) + c(v; u); rhsgom a(u)(V)]]
= [[gobjf a(u) (U) + h(sstart; U); NOT,DOMINATED]; [gobjf a(u)(u); NOT*DOMINATED]]
= [ga(u)(u) + N(Sstart; U); Ja(u) ()]
= [rhspuy(U) + h(Sstart; U); rhspey) (U)]
= Kpuy (W)

Sub-Case 2bu was underconsistent. This means thgt,)(u) < rhsy(u),
which is equivalent to Saying thg&bjf b(u)(u) < rhsobjf b(u)(u) Or Jobjf b(u)(u) =
rhSobj beuy(U) ™ Gdom beuy (U) < rNSgom by (U). Thus,Kpewuy (U) = [Gobj beuy(U) +
h(Sstart; U); Jobjf beuy(U)]. After line 23, we havg(u) = [1, DOMINATED]. Sincev
is a backward neighbor af, rhsgjr(v) may be affected by the increaseg(u), but
only if rhsgyj £ (V) was previously computed frogapj (U), thatis, only ifrhsgpjf peuy (V) =
Gobjf buy(U)+C(V; U) = Mingoze uy ((U; $°)+Gobej (5°)) @aNdGaom beuy (U)=NOT_DOMINATED.
In this caserhsgpj (V) increases. Note thahsgem (V) may now increase frommOT_DOMINATED
to DOMINATED if v is now dominated by another statewith rhsgjs peuy (V) <
Jobjf (X) < rhsgpjs ay(v). On the other hand;hsgom (V) may also decrease from
DOMINATED to NOT_DOMINATED if it was previously dominated by only. Whether
or notrhsgom changesgaw) (V) < rhsay(v) andv is put on the open list with a
key of [gacuy (V) + h(Sstart; V); Gaquy(V)]. Sincerhsgpjs peuy(v) was computed from
Gobj £ beuy (U), andv was consistenopj £ auy(V) = Jobjf buy(V) = MMSobjf beuy (V) >
Jobjf beuy(U). Thus, wherv is put back on the open list, its key is strictly greater than
Kp(uy (U) and the theorem holds for this sub-case.

More concisely,

ka(u) V)= [min(ga(u) (v); rhSa(u) (V) + h(sstart; V); min(ga(u) (v); rhsa(u) V)]
= [aqu) (V) + h(Sstart; V); Gauy (V)]
= [gb(u) (v) + h(Sstart; V), Oo(u) )]
= [rhsyqy (V) + h(Sstart; V); rhs(uy (V)]
> [gbuy (U) + h(Sstart; U); Gouy (U)]
= Kpuy (W)
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Theorem 5. If a locally overconsistent vertex with keykyy(u) is selected for ex-
pansion on line 17, then it is locally consistent the next time line 16 is executed and its
new keyk, ) (U) satisfieska gy (U) = Kpeuy(U).

Proof. Assume the vertex selected for expansion on line 17 is overconsistent. This
means thag,u)(u) > rhsy)(u), which is equivalent to saying thggp;r ncuy(U) >
rhSobj beuy(U) OF Jobjf buy(U) = rMSobjt buy (U) ™ dom beuy(U) > rNSgom beuy(U)-

On line 19,g(u) is set equal tahs(u) and it becomes consistent. It remains con-
sistent unlesghs(u) is changed by a call to UpdateVertex() ufis a dominance
neighbor or backward neighbor of itself. However, even a call to UpdateVertex()
does not change its rhs-value, amdemains consistent. First, consider thHesqom
value. By our definition of dominance, a state cannot dominate itself, therefore the
setD(s) of dominating states identified in the definition of the rhs value is the same
before and afteu is expanded and sohsgom(u) does not change. Next, consider
the rhsopjr value. rhsepje(u) = c(u; W) + opjf, (uy(W) for some statev & u.
(Otherwise,rhsgpjs(u) = c(u;u) + Gobj,(u)(U) > objf,(uy(U) which would be a
contradiction to the fact that is overconsistent). Now;hsgy;+(u) will only change

if its value can be reduced by usimgyjr, ) (u) instead ofgqepj,y(W) (and only

if Jdoma(u)(U) =NOT_DOMINATED). However, gopjf.u)(U) = rhSepjf,y(U) SO

(U U) + Gopjfauy (U) = c(u; u) + rhsepj £, uy (U) > rhsgyjf, uy(U) and sorhsep; £ (U)
cannot be reduced and does not change. Thus, the new keg af follows:

ka(u) (W= [min(ga(u)(u); rhSa(u) (W) + h(sstart; U); min(ga(u)(u); rhS'a(u) (u)]
= [rhsaquy () + h(Sstart; U); rhsagy (U)]
= [rhsp(uy(U) + h(Sstart; U); rhspey (U)]
= [MIN(Gp(uy (U); rhspuy (U)) + (Sstart; U); MiN(Gpcuy (U); rhspy (U))]
= Kp(uy (U)
O

Theorem 6. Assume that vertex has keyk,y(u) and is selected for expansion on
line 17. If vertex v is locally inconsistent at this point in time and remains locally
inconsistent the next time line 16 is executed, then the newkg)(v) of vertexv
satisfieKauy (V) » Koy (u) the next time line 16 is executed.

Proof. Assume that vertex has keyky)(u) and is selected for expansion on line 17.
Vertex v is locally inconsistent at this point in time and remains locally inconsistent
the next time line 16 is executed. Since venteis expanded instead &f it holds that
Koy (V) » Kpeuy(u). We consider four cases:

Case 1:v’s key does not change. Thug)(V) = Kpw)(V) » Kpwy(u) and the
theorem holds for this case.

Case 2: v's key changes, and = u. Since vertexw = u remains locally in-
consistent, it could not have been overconsistent (according to Theorem 5). As such,

20



vertexv = u was locally underconsistentt{s,y(u) > gny(u)) and furthermore,
Ob(uy(u) = [1, NOT_DOMINATED] because it cannot be underconsistent otherwise.
g(u) is set to [, DOMINATED] on line 23, and as sudky » Ihw)- When Updat-
eVertex() is calledrhsgpjr(u) can change ifi is a backward neighbor of itself, but it

is guaranteed not to decrease sipggr(u) does not decrease. Similarlasgom (u)

is also guaranteed not to decrease becalisg;r(u) does not decrease. As such,

ka(u) V)= ka(u) (u)
= [min(ga(u)(u); I’hSa(u)(U)) + h(Sstart; U); min(ga(u)(u); I'hsa(u)(u))]
> [MiN(Gucuy (U); rhspy (W) + h(Sstart; U); MIN(Gpuy (U); rhspy (U))]
= Kpuy (U)

Case 3:v’s key changesy & u, and vertexu was locally overconsistent.

Becausel was locally overconsisterty,)(u) = rhsyy(u) = gacuy(u). Further-
more, sincev € u, V's g-value does not change aggt,y(v) = gy (V). As such, for
V's key to change, its rhs-value must change, which will only happersifi backward
neighbor (predecessor) and/or dominance neighbar @he decrease ig(u) on line
19 can affecrhs(v) in one of two situations: (i), iV is a backward neighbor af,
dom a(u)(U) =NOT_DOMINATED and rhsepjf aqy(V) = ¢(V; U) + Gobjf aquy(U) =
c(v; u) + rhsgpjs acuy(U) = c(v; u) + rhsgyjs peuy(U) and (i), if situation (i) does not
hold butv is a dominance neighbor @f, rhsgom p(uy(V) =NOT_DOMINATED andu
now dominates, causingrhsgom acuy(V) to DEDOMINATED.

For situation (i), we havehsgpjf acuy(V) » rhSepjs by (U) @andrhsgem peuy(U) =NOT_DOMINATED.
As suchrhs,yy (V) 5 rhsygy(U) = min(gyy (U); rhsyey (U)). Furthermorerhsgpjs aguy (V)+
h(Sstart; V) = ¢(V; U) +rhsgpjf peuy(U) +N(Sstart; V) » FNSopjf beuy(U) +h(Sstart; U)
(using the fact thab(Sstart; V) + ¢(v;U) , h(Sstart; U) since the heuristics obey the
triangle inequality). As suchhs; ) (V) + h(Sstart; V) » rhspy(U) + h(Sstart; U) =
MiN(Gyuy (U); rhspy (U)) + h(Sstart; U).

Thus:

[rhsay (V) + h(Sstart; V); rhsaquy (V)]

> [Min(@pcuy (U); rhspy (U)) + h(Sstart; U); MIN(Gpuy (U); TSy (U))]

= Kpquy(U) (13)
Furthermore,
[ga(u) (V) + h(Ssstart; v); Ja(u) )]

= [gb(u) (V) + h(sstart; V); gb(u) (V)]

> [Min(@puy (V); rhspuy (V) + h(Sstart; V); Min(@pcuy (V); rhspeuy (V)]

= Kpquy (V)

> Koy (U) (14)
Following from inequalities 13 and 14, we have:

Kaquy (V) = [Min(@acuy (V); rhsaq) (V) + h(Sstart; V); Min(Gacu) (V); rhsacu) (V)]
- Koy (U)
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For situation (i), we havehsgom acuy(V) » NSdom beuy (V) andrhsgpjs aquy (V) =
rhsopjf by (V) @nd sorhsyyy(v) - rhspy(v). Combining this with the fact that
Ja(u) v) = gb(u)(v), we have:

Kacuy (V) = [Min(Gacu)(V); rhsaqy (V) + h(Sstart; V); Min(Gacuy (V); rhsac) (V)]
> [Min(Gbuy (V); rhspy (V) + h(Sstart; V); Min(@puy (V); rhspy (V)]
= Kpuy (V)
» Koy (U)

Case 4:The key of vertew changesy & u, and vertexu was locally undercon-
sistent.

Becauseu was locally underconsistert, ) (u) < rhsyy(u), which is equivalent
to saying thafopjf by (U) < rhSobjs beuy(U) OF Gobjf buy(U) = rhSopje peuy(U)
Jdom beu) (U) < rhsgom puy(U). Becauser & u, we know that the g-value of does
not change andp)(V) = gaq)(V). As such, the change in the key wfmust be
due to a change in its rhs-value as a result of the changéujhon line 23 where
Jacu)(U) = [1, DOMINATED]. This change can affect the rhs-valuevah one of two
situations: (i) ifv is a backward neighbor af andggom by (U) =NOT_DOMINATED,
andrhsgpjs by (V) = c(v; U) + Jobjt by (W), or (i) v is a dominance neighbor of
andv was previously dominated by only (rhSgom peuy(v) =DOMINATED) andv is
not longer dominated by because of the increaseggy;f (u).

In situation (i),rhsepj (v) is guaranteed not to decrease, sigggr (v) is increased
to .. Thusrhsosjf au)(V) » rhSopjs beuy(V)- If rhSonjs aquy (V) > rhsepje by (V).
thenrhs,y(v) » rhsy)(v) regardless of the values oifiSgom acuy (V) andrhsgom peuy (V).
This also holds ifrhsepjf auy(V) = rhSepjf by (V) and ¢hSgom au) =DOMINATED
Or rhSgom peuy (V) =NOT_DOMINATED). If, howeverrhsgis ay (V) = rhSopjf neuy (V)
andfhSgom au) =NOT_DOMINATED andrhsgom neuy(V) =DOMINATED) this implies
thatv is also a dominance neighbor of was dominated by only, and is no longer
dominated byu due to the increase igojf(u). In this case, we need to consider
situation (ii). Temporarily ignoring situation (ii), we have for situation (i):

Kaquy (V) = [Min(gauy (V); rhSaqy (V) + h(Sstart; V); Min(acuy (V); rhsay (V)]
> [Min(@buy (V); rhspy (V) + h(Sstart; V); Min(@puy (V); rhspy (V)]
= Kpuy (V)
» Koy (U)

In situation (ii),rhsopj £ acu) (V) = rhSepjf beuy (V) @andrhsgom acuy (V) =NOT_DOMINATED
< rhSgom buy = DOMINATED, implying thatrhs,y(v) < rhsyq(v). However,
sincev was previously dominated by only we know tharhsgpj £ ) (V) = rhSepjs a@)(V) »
Jobfj beu) (U) @NdPgom b(uy(U) =NOT_DOMINATED. As suchrhs,y (V) 5 goey(U).
Furthermore, we know that because/as underconsisterkyyy (U) = [MiN(pcuy(U); rhsyuy (U))+
h(sstart; U); min(gb(u)(u)'; I’th(u)(U))] = [gb(u) (u)+h(sstart; U);.gb(u) (u)] We know
further thatkyuy (V) = [Min(gpuy (V); rhspeuy (V) +h(Sstart; V); Min(Gocuy (V); rhspuy (V)] »
kpuy(u) becauses was popped off the open list before As such,
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Oo(uy (V) + h(Sstart; V) = [objf beuy (V) + N(Sstart; V); Gdom beuy (V)]
> gb(u)(u) + N(Sstart; U)
= [9objf beu)(U) + (Sstart; U); NOT_DOMINATED] (15)

and

rhspy (V) + h(Sstart; V) = [rhSepjf beuy(V) + N(Sstart; V); DOMINATED]

> Ob(u) (u) + h(Sstart; U)
= [Gobjf b(u)(U) + h(Sstart; U); NOT_DOMINATED{]16)

From inequality 16, we haverhsgjs auy(V) + h(Sstart; V) = rhSepjs by (V) +
h(Sstart; V) » Gobjf beuy(U) + h(Sstart; U). Putting this all together, we have:

ka(u) )= [min(ga(u) v); rhSa(u) (v)) + h(sstart; V); min(ga(u) (v); rhSa(u) V)]
= [min(gb(u) (V); rhSa(u) (V)) + h(sstart; V); min(gb(u) (V); rhs'a(u) (V))]
» [gb(u) (u) + h(Sstart; U); gb(u)(u)]
= [Min(gocu) (U); rhspeuy (U)) + h(Sstart; V); MiN(Gocuy (U); rhspeuy (U))]
= Kp(uy (W)

O

Theorem 7. The keys of the vertices that are selected for expansion on line 17 are
monotonically nondecreasing over time until ComputeShortestPath() terminates.

Proof. Assume a vertex is selected for expansion on line 17. When it is selected for
expansion, its key,)(u) is the smallest of the set of all vertices on the open list,
which is the same as the set of all inconsistent vertices according to Theorem 2. If a
locally consistent vertex becomes inconsistent as a result of this expansion, it is put
on the open list with a ke, ) (V) » Kpey(u) according to Theorem 4. If a locally
inconsistent vertex remains inconsistent after this expansion, its key on the open list
is at least as large dg)(u) according to Theorem 6. As such, the next verteto

be expanded will have a key at least as largk,as (u). O

Theorem 8. Letk = U:T opKey() during the execution of line 16. If vertexs locally
consistent at this point in time wikk(u) = k, then it itsrhsepjs value does not change
until ComputeShortestPath() terminates. Furthermord(if) < k, then neither its
rhsepjs value nor itsrhsgom value changes and it will hence remain consistent until
ComputeShortestPath() terminates.
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Proof. We will prove by contradiction that the Theorem holds.

Assume that vertexi is consistent, that isy(u) = rhs(u). Assume also that
k(u) = k = U:TopKey(). Suppose thathsqj(u) subsequently changes during the
expansion of some vertex We know thak,,(u) = kyy (V) sincev is processed af-
teru. Also, Ky (U) = [Min(gpcvy (U); rhspey (U))+h(Sstart; U); Min(gpev) (U); rhspey (U))] =
[9bevy (U) + h(Sstart; U); Onvy (W] sinceu is locally consistent. By the definitions of
rhs-values (equations 8-1)hsepj (u) can change during the expansiorvainly if u
is a backward neighbor (predecessory ofWhethemrhsgyj (U) increases or decreases,
we havegawy(U) = ghey(U) and as suchkyyy(u) = [Min(gac)(U); rhsae) (u)) +
h(Sstart; U); MiN(gacv) (U); rhsae) (U))] = [Ghev) (U)+N(Sstart; U); Ooevy (U)] = Kpevy (U) <
Koy (v). That is, the new key afi is no greater than its previous key, which is itself
no greater than the key of However, according to Theorem 4,ufis a backward
neighbor ofv and becomes inconsistent during the expansion @ new key should
be strictly greater than that ®f which is a contradiction. As such, the first part of the
theorem holds.

Now, to prove the second part of the theorem, assume agaim tisatonsistent,
that is,g(u) = rhs(u). Also also thak(u) < k = U:TopKey(). Supposehsgom(U)
subsequently changes during the expansion of some vertBecauses is expanded
off the open list, we know that = k(v). As such,kywy(U) < Kpwy(v). Asin
the proof for the first part of the theorem, we know that whetties(u) increases or
decreases, its new kelga()(U) is no greater than its previous kekpy(u) and as
such,kavy(U) < Kpvy(v). However, by Theorem 4, ifi becomes inconsistent during
the expansion of its new key should be at least as large as that,ofvhich is a
contradiction. This proves the second part of the theorem. O

Theorem 9. Assume that vertex has keyku) and is selected for expansion on line
17. Assume that there exists some vevtex this point in time wittk(v) = k(u). If,
during the expansion af, rhsgom(v) become®OMINATED, thenrhsgom (V) remains
DOMINATED until ComputeShortestPath() terminates.

Proof. For rhsgom(v) to becomedboMINATED during the expansion afi, u would
have to dominater according to the domain definition of dominance, aag+(u)
would have to decrease such that it becomes less than or equetgr (v). Thus,u
must be overconsistent. Itis made consistenton line 19, and at thisggjfitacu) (U) =
rhSepjf acuy(U) = rhsepjs by (U). Subsequently, a necessary requirementtiggom (V)
to change from bein@OMINATED to NOT_DOMINATEDS would be forgep; (u) to in-
crease orhsgpjf(v) to decrease.

In the first casegqpjf(u) can increase only ifi is underconsistenu can become
underconsistent if itshsgpjr value increases and/or ithsgom value increases. Ac-
cording to Theorem 8, thihsypjr does not change until ComputeShortestPath() termi-
nates. Furthermore, ithsqom value can only increase by changing frai@T_DOMINATED
to DOMINATED. Forrhsgom(u) to becomeDOMINATED, there must be another state,
w, that dominates.. However, any vertex that dominateslso dominates. As such,

v would also be dominated by andrhsgom (V) would remainDOMINATED.
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In the second casehsgjr (V) can only decrease if a stateis later selected for ex-
pansion such thatis a backward neighbor @f andggom aqw)(W) =NOT_DOMINATED
andc(v; W) + gobjf aw)(W) < rhsgpjs pw)(v). However, if such a state exsists, it
would be true thak(w) < k(v) = k(u) and by Theorem 7, such a state would
have been processed for expansion befoemdu. As such, such a state cannot be
processed aftem and rhsgom (V) remainsboMINATED until ComputeShortestPath()
terminates. O

Theorem 10. Letk = U:TopKey() during the execution of line 16. If vertexis
locally consistent at this point in time witk(u) < Kk, it remains locally consistent
until ComputeShortestPath() terminates. Also, if a vetfeis locally consistent and
dominated at this point in time witk(u’) = k, then it remains locally consistent and
dominated until ComputeShortestPath() terminates.

Proof. If a state is locally consistent, it can become inconsistent only iftissvalue
changes. According to Theorem 8,ufis locally consistent wittk(u) < k, then
neither itsrhsopjs value nor itsrhsgom value will change until ComputeShortest-
Path terminates. As such,remains locally consistent until ComputeShortestPath()
terminates, proving the first part of the theorem. Also according to Theorem 8, if
u’ is locally consistent wittk(u’) = K, then itsrhsepj¢(u) will not change until
ComputeShortestPath() terminates. Furthermore, according to Theorenu®isif
dominated rhsgom(u®) will not change until ComputeShortestPath() terminates. As
such,u’ remains locally consistent and dominated until ComputeShortestPath() termi-
nates. O

Theorem 11. Letk = U:TopKey() during the execution of line 16. If vertexis
locally consistent at this point in time witt(u) = k, but later becomes inconsistent,
then it becomes underconsistent Withjf = rhSobjf, §dom =NOT_DOMINATED and
rhsgom = DOMINATED.

Proof. A consistent vertex can become inconsistent as a result of a change in either
its rhsopj¢ Or rhsgom Vvalues. According to Theorem 8, once a vertex becomes con-
sistent, itsrhsqpjs does not change until ComputeShortestPath() terminates. Thus, if
a consistent vertex becomes inconsistent, it is due to a changerihsiis,, value:
Jobjf = rhsopjr and ggom & rhsgom. According to Theorem 10, il is domi-
nated, it stays dominated. Thusuibecomes inconsistenfyom &DOMINATED. Thus,
Odom =NOT_DOMINATED. Now, whenu becomes inconsisterggom & rhsgom and
Odom =NOT_DOMINATED. Thus,rhsyom = DOMINATED and the theorem holds.

O
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Theorem 12. If line 16 is changed to “while U is not empty”, then ComputestShortest-
Path() expands each vertex at most four times; namely at most once when it locally un-
derconsistent and not dominated, once when it locally underconsistent and dominated,
once when it is locally overconsistent and not dominated, and once when it locally
overconsistent and dominated. Tdg;r values of all vertices after termination equal
their respective goal distances.

Proof. Assume that line 16 is changed to “while U is not empty”. Then, ComputeShort-
estPath() terminates when all vertices are locally consistent. When a locally overcon-
sistent vertex is selected for expansion, it becomes locally consistent. If it is domi-
nated, it remains locally consistent and dominated according to Theorem 10 and is not
expanded again. If it is not dominated, it remains locally consistent unledssi§sm

value becomesOMINATED, according to Theorem 11, at which point it becomes un-
derconsistent. When a locally underconsistent vertex is selected for expansion, it is
made overconsistent by setting g to 1 and itsggom value toDOMINATED.

Thus, these are the possibilities scenarios for the transitions of a vertex off and on
the open list. Transitions off the open list (node expansions on line 17) are indicated
by expanded , and transitions back onto the list (open list inserts on line 8) following
updates are indicated lypdate@9K.

1. If the vertex is eventually dominated

(a) (overconsisenthsgom =DOMINATED) expanded (consistentrhsSgom =DOMINATED)

(b) (overconsisent;hsgom =NOT_DOMINATED) expanded
(consistentrhsgom =DOMINATED) update@9K
(underconsistenthsgom =DOMINATED) expanded update@9K
(overconsistentrhsgom =rhSgom =DOMINATED) expanded (consis-
tent,rhSgom =DOMINATED)

(c) (underconsistenthsqom =DOMINATED) expanded update®9K
(overconsistent;hsgom =DOMINATED) expanded (consistentrhsgom =DOMINATED)

(d) (underconsistenthsgom =NOT_DOMINATED) expanded update@9K
(overconsisent;hsgom =NOT_DOMINATED) expanded
(consistentrhsgom =DOMINATED) update®9K
(underconsistent;hsgom =DOMINATED) expanded update@9K
(overconsistent;hsgom =DOMINATED) expanded (consistentrhsgom =DOMINATED)

2. If the vertex is not eventually not dominated

(a) (overconsistent;hsgom =NOT_DOMINATED) expanded (consistentrhsgom =NOT_DOMINATED)

(b) (underconsistenthsgom =NOT_DOMINATED) expanded update@9K
(overconsisenthsgom =NOT_DOMINATED) expanded (consistentrhSgom =NOT_DOMINATED)

Thus, if the vertex is eventually not dominated, it is expanded at most twice: once
when itis underconsistent and once when it is overconsistent. If the vertex is eventually
dominated, it is expanded at most 4 times.

When all vertices are locally consistent, ths) = rhs(s) = 0 if s = Sgoa and
g(s) = minSOZSucc(u);gdom(s°)=NOT,DOM|NATED (C(U; SO)"'gobfj (50)) otherwise. Thus, the
Jobjf Values satisfy the definition of the goal distances and thus equal them. O
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Theorem 13. Letk = U:TopKey() during the execution of line 16. If vertexis
locally consistent at this point in time wik(u) < k, then thegepjs value of stateu
equals its minimax goal distance and one can follow a shortest pathuusggea by
always moving from the current vertexstarting atu, to any forward neighbos’ that
minimizec(s; s?) + gobj¢ (S°) until sgoar is reached (ties can be broken arbitrarily).

Proof. If U is empty, then the theorem follows from Theorem 14. Thus, we assume
thatU is not empty. Sinces is locally consistent during the execution of line 16,
g(u) = rhs(u).

We first show by contradiction thg(u) < [1;NOT_DOMINATED] D) gopjf(U) <
1. Assume first thag(u) = [1;DOMINATED] > [ ;NOT_DOMINATED]. Sinceu
is consistentg(u) = rhs(u) = [1;DOMINATED]. However, there is no kel such
thatk(u) < k, which is a contradiction of the assumption thatis not empty and
thatk(u) < k = U:TopKey(). Assume then thag(u) = [1;NOT_DOMINATED].
Then, sinceu is consistentg(u) = rhs(u) = [1;NOT_DOMINATED]. Thus,k =
[[1;DOMINATED],[ 1 ,DOMINATED]] sincek(u) < k. Letv be a locally inconsistent
vertex with keyk. Such a vertex exists since we assume thas not empty. Then,
g(v) = rhs(v) = [1;DOMINATED]. Thus, vertexv must be locally consistent, which
is a contradiction. Consequently, it holds thét) < [1;NOT_DOMINATED].

If u = Sgoar, theng(u) = rhs(u) = 0 since vertexu is locally consistent and
rhs(u) = 0 by definition. Thusg(u) equals its goal distance and one can trivially
follow a shortest path fronu to syoa1 by starting atu and moving to any successor
s’ that minimizesc(s; s') + gobjf(so) until syoar is reached. Thus, we assume that
u & Sgoal-

Letw be a non-dominated forward neighbor (successor) of verteat minimizes
c(u;w) + g(w). Then, by the definition ofhs-values,goyj(U) = rhsepjr(u) =
MiNs025 ucc(u):gaom (s)=noT_pominaten (C(U; s") +gobrj (s%)) = c(u; W) +gobrj (W). Thus
JobjF (W) < gopjr(u) < A and, becausgqom(W)=NOT_DOMINATED, it follows that
g(w) < g(u). Furthermoreh(Sstart; W) = h(Sstart; U) + c(u;w) (because heuris-
tics obey the triangle inequality), implying thgdj £ (W) + h(Sstart; W) = Gobj (W) +
h(Sstart; U)+c(U; W) = gobj (U)+h(Sstart; U). Again becausgqom (W)=NOT_DOMINATED,
we can say thag(w) + h(Sstart; W) = g(u) + h(Sstart; U). Thus:

k(w) = [min(g(w); rhs(w)) + h(Sstart; W); min(g(w); rhs(w))]
= [9(W) + h(Sstart; W); g(W)]
<[9(u) + h(Sstart; u); g(u)]
= [Min(g(u); rhs(u)) + h(Sstart; U); min(g(u); rhs(u))]
=k(u)
<k

As such,k(w) < k(u) < k which means thalv must be locally consistent dur-
ing the execution of 16. Furthermore, because their keys are strictly less than the
smallest key of any locally inconsistent vertex, Theorem 10 implies that uo@thd
w remain consistent until the termination of ComputeShortestPath(), even if line 16 is

changed to “whildJ is not empty”. Furthermore, according to Theorem gegj+ (U)
and rhsqpj (W) equal their respective goal distances after termination if line 16 is
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changed to “whileU is not empty”. Thusgopj+(u) and rhseyjs(w) must already
equal their goal distances at the execution of line 16 k(@) < k(u) < k.

If the goal distance ofl is represented agd(u), thengd(u) = c(u;w) + gd(w).
Thus, moving from vertex to any non-dominated vertex that minimizes(u; w) +
g(w) is the beginning of a shortest path fremo syea1. This property can be repeatedly
applied to show that one can follow a shortest path fioto syea1 by always moving
from the current vertes, starting atu, to any forward neighbos’ that minimizes
c(s; 8") + Qobj £ (s”) until sqoar is reached O

Theorem 14. ComputeShortestPath() expands a vertex at most four times; namely at
most once when it is locally underconsistent and not dominated, once when it is locally
underconsistent and dominated, once when it is locally overconsistent and not domi-
nated, and once when it is locally overconsistent and dominated. After termination,
one can follow a shortest path frosgart t0 Sqoar by always moving from the current
vertexs, starting atSsart, to any successa’ that minimizeg(s; s%) + gobj¢ (s”) until

Sgoal IS reached (ties can be broken arbitrarily).

Proof. According to Theorem 12, ComputeShortestPath() terminates after it has ex-
panded every vertex at most four times if line 16 is changed to “whiie not empty”.

Even if line 16 is not changed, it will still terminate at least whéis empty because

in this caseJ . TopKey() returns [fL,DOMINATED], [ 1 ,DOMINATED]] > K(Sstart) be-
causerhs(Ssiart) = 9(Sstart) =[1,NOT_DOMINATED] since all vertices are locally
consistent and the start state by definition is non-dominated. Thus, the termination
condition is satisfied. As such, ComputeShortestPath will terminate Whggcomes
empty, after it has expanded every vertex at most four times, if it does not terminate
earlier. Furthermoressiart Satisfies the conditions of Theorem 13 after completion,
and the Theorem follows directly from Theorem 13. O
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