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Abstract that find minimum-cost plans do not scale up to large do-

mains. Heuristic search-based planners therefore use incon-
sistent heuristics to trade off plan-execution cost and plan-
tic search-based replanning method for HSP-type planners. ning .time. unfortunately, LPA* With inconsistent heuristics
LPA* uses consistent heuristics and breaks ties among states 'S neither eff|C|_ent nor correct. In this paper, we therefore de-
with the same f-values in favor of states with smaller g-values.  Velop Generalized LPA* (GLPA*), a framework that general-
However, HSP-type planners use inconsistent heuristics to izeés LPA* and allows one to develop more capable versions
trade off plan-execution cost and planning time. In this pa- 0f LPA* and its nondeterministic version Minimax LPA*
per, we therefore develop a general framework that allows one (Likhachev & Koenig 2003), including versions of LPA* and
to develop more capable versions of LPA* and its nondeter-  Minimax LPA* that use inconsistent heuristics and break ties
ministic version Minimax LPA*, including versions of LPA* among states with the same f-values in favor of states with
a}nd Minimax LPA* that use inconsistent heurlstlcs and breqk larger g-values. We prove that the new versions of LPA*
125 among st i e Saro velues a1 OS5 W oxpand every sate at most tice and terminte,Just ke the
sions of LPA* indeed speed it up on grids and thus promise to original version. We also derive bounds on the p!an-executlon
provide a good foundation for building heuristic search-based cost of the re_sultlng plans:. We then ShO,W experm_"nentally that
replanners. the new versions of LPA* indeed speed it up on grids and thus
can speed up A* searches.

Recently, it has been suggested that Lifelong Planning A*
(LPA*), an incremental version of A*, might be a good heuris-

Introduction Lifelong Planning A* (LPA*)

Heuris_tic search_-based planning is a recent pIanninqu first describe Lifelong Planning A* (LPA*) (Koenig &
paradigm on which very powerful symbolic planners are  ; hachev 2002b), an incremental version of A* that uses

based, as first demonstrated by HSP and its successor H onsistent heuristics and breaks ties among states with the

2.0 (Bonet & Gefiner 2001). Heuristic search-based plannerssame f-values in favor of states with smaller g-values. LPA*

itt{/plﬁg\lilvyesgrsugrai:iﬁ; ?.l,agf?(la?]ge:Sr;pggg\-/zhgrto%g)scse\?vsﬁelrré rCE:I,‘":l(LFepeatedIy determines a minimum-cost plan from a given start
’ ’ : o . . State to a given goal state in a deterministic domain while
needs to solve series of similar planning tasks, for mstancesome of the action costs change. All variants of LPA* and

because the situation changes over time. An important examy : T
ple is the aeromedical evacuation of injured people in crisisstagiﬁg{;b(ebda&\}vh;dpsaeﬁgﬁ)e ?/\r/ﬁn I{gg;g: %gﬁl ;tgtieut;)etrze
situations where aftershocks can destroy additional air field ’ P 9 :

A more detailed description of LPA* than the one given be-
(Kott, Saks, & Mercer 1999). Researchers have therefore de- ' L
veloped replanning and plan reuse techniques that reuse ?SOW can be found in (Koenig, Likhachev, & Furcy 2004), that

so contains proofs that LPA* finds minimum-cost plans (in

L?rrnrﬂgﬁ'oﬁgﬁﬂm pf{g‘é&“fﬂﬂ'&?%@%ﬁfggfg’ t%:gilt\)llee Sbenggh?_form of paths) efficiently, for example, that the first search of
p 9 P y LPA* is identical to an A* search with the same heuristics

ing each planning task from scratch. Examples include case: . . *
: : : and tie-breaking strategy and that LPA* expands every state
based_plannlng, p_Iannlng by_ analogy, pla_m adaptation, tra_msét most twice per search episode.
formational planning, planning by solution replay, repair- . . -
based planning, and learning search-control knowledge. Re- Notation In the following, 5 denotes the finite set of states
cently, the SHERPA replanner (Koenig, Furcy, &Bauer2002)°f the domain. A(s) denotes the finite set of actions that
demonstrated that Lifelong Planning A* (LPA*) (Koenig & fﬁ; sbeccegsescgrt?galtnr:;aﬁsefrgﬁw Zug%(st’.ﬁ) gcti) dezotes
Likhachev 2002b) promises to be a good heuristic searchi—n tL; g Similurl Pred X u_| 9 ; E{S (‘?
based replanning method for HSP-type planners. LPA* g St&t€s fe : Zy’, :f (82[ h {s tef |sd_
an incremental version of A* that uses consistent heuristicssgfg(gf’gt)at(ésr sorgeaoe (s")} e<no es der?o?gs (t)hgrgosetcce)?-
and breaks ties among states with the same f-values in favor € 5.0 < cfs,a) < oo

; . . " y
of states with smaller g-values. Since LPA* uses consistenﬁi(iﬁglsjtg]r%%?:;Ou'?niés(f ) |I2ns;[?()tﬁ§ i.eIFIPSAt\ar?I;Nmays detgr
heuristics, it finds minimum-cost plans. However, planners P 9 6 €

to a given goal state,,,; € S, knowing both the domain and

Copyright(© 2005, American Association for Artificial Intelligence the current action costs, where a minimum-cost plan is de-
(www.aaai.org). All rights reserved. fined to minimize the sum of the costs of the executed actions



The pseudo code uses the following functions to manage the priority queue: U.TopKey Priority Queue LPA*

returns the smallest priority of all states in priority quelie (If U is empty, then . . . L
U.TopKey() returns the largest possible priority, thafd®; oc].) U.Pof() deletes the state ways contains exaCtly the Iocally Inconsistent state&a(n

with the smallest priority in priority queu&’ and returns the state. U.Insgst k) inserts ant 2)' These are the states whose g_value_s LPA* pOtenFlal,ly
states into priority queueU with priority k. U.Removés) removes state from priority needs to Change to make them |0ca”y consistent. The priority
K (s) of states in the priority queue is always a vector with
two components:K (s) = [K;(s); Ka(s)], whereK;(s) =
min(g(s),rhs(s)) + h(s) and K5(s) = min(g(s),rhs(s))
(Invariant 3). Thus, if its g-value or rhs-value changes, then
its priority needs to get re-computed. Priorities are compared
according to a lexicographic ordering. For example, a pri-
ority K = [Ki; K] is smaller than or equal to a priority
K' = [K[; K} iff either K; < Kj or (K; = K; and
K, < K3).

Pseudo Codérhe main function Main() in the pseudo code
of LPA* in Figure 1 first calls Initialize() to initialize the vari-
ables{17}. (Numbers in curly brackets refer to line numbers

maintains a priority queue that al-

queueU. Finally, U.Updatés, k) sets the priority of state in the priority queue td.

procedure Initialize ()
{01} U = 0;

{02} forall s € S rhs(s)
{03} rhs(sgoar) = 0;
{04} UpdateStatés 40q1);
procedure UpdateStatéw)
{05} if (u # Sg0a1) Ths(u) = minge a(w)(c(u, a) + g(succ(u, a)));
{06} if (u € U andg(u) # rhs(u)) U.Updatdu, K (u));

{07} else if w € U andg(u) = rhs(u)) U.Removéu);

{08} else if (w ¢ U andg(u) # rhs(u)) U.Inser(u, K (u));

procedure ComputePlan()

{09} while (U.TopKey() < K (sstart) O rhs(Sstart) 7 9(Sstart))

g(s) = oo

Hﬁ #G(ifiﬁf}w(u)) in the pseudo code.) Initialize() sets the initial g-values of all
{12} g(u) = rhs(u); states to infinity and sets their rhs-values to satisfy Invariant
{13}  forall s € Predu) UpdateStates); 1 {02-03}. Thus, the goal state is initially the only locally
He - inconsistent state and is inserted into the otherwise empty pri-
{16} toralls ;f" Predu) U {u} UpdateStatés); ority queue{04}. In an actual implementation, Initialize()

only needs to initialize a state when it encounters it during
the search and thus does not need to initialize all states up
front. Main() then calls ComputePlan() to find a minimum-
cost plan. ComputePlan() repeatedly removes the state with
the smallest priority from the priority queue and recalculates
its g-value (“expands the state{10-16}. It thus expands the
locally inconsistent states in nondecreasing order of their pri-
orities. A locally inconsistent stateis called locally over-
consistent iffg(s) > rhs(s). When ComputePlan() expands

a locally overconsistent state {12-13}, then it holds that
d'hs(s) = gd(s), which implies thati'(s) = [f(s); gd(s)],
wheref(s) = gd(s)+h(s). During the expansion of the state,
ComputePlan() sets the g-value of the state to its rhs-value and
thus its goal distancfl 2}, which is the desired value and also
makes the state locally consistent. Its g-value then no longer
hanges until ComputePlan() terminates. A locally inconsis-
ent states is called locally underconsistent if s) < rhs(s).
When ComputePlan() expands a locally underconsistent state
{15-16}, then it simply sets the g-value of the state to infinity
{15}. This makes the state either locally consistent or over-
consistent. If the expanded state was locally overconsistent,
then the change of its g-value can affect the local consistency
of its predecessorEl3}. Similarly, if the expanded state was

A states is called locally consistent if(s) = rhs(s), oth- locally underconsistent, then it and its predecessors can be

erwise it is called locally inconsistent. If all states are lo- affected{16}. ComputePlan() therefore calls UpdateState()
cally consistent then all of their g-values are equal to theirfor each potentially affected state to ensure that Invariants 1-3
respective goal distances, which allows one to find minimum-to continue to hold. UpdateState() updates the rhs-value of
cost plans from any state to the goal state greedily. How-the state to ensure that Invariant 1 hold5}, adds it to or
ever, LPA* does not maintain the local consistency of ev-removes it from the priority queue (if needed) to ensure that
ery state after each search episode. Instead, it uses heurigwariant 2 holdg07-08}, and updates its priority (if the state
tics h(s) to focus the search and computes only the g-valuesemains in the priority queue) to ensure that Invariant 3 holds
that are relevant for computing a minimum-cost plan from {06}. LPA* expands states until the start state is locally con-
the start state to the goal statk(s) approximates the cost sistent and the priority of the state to expand next is no smaller
of a minimum-cost plan between the start state and state than the priority of the start state. §fss:q,:) = o0 after the
The heuristics need to be nonnegative and (backward) consearch, then there is no plan from the start state to the goal

procedure Main()

{17} Initialize();

{18} forever

{19} ComputePlaf);

{20} Wait for changes in action costs;

{21} for all actions with changed action costsu, a)
{22} Update the action cosf(u, a);

{23}  UpdateStateu);

Figure 1: Backward Version of Lifelong Planning A*.

(plan-execution cost). Since the domain is deterministic, th
plan is a sequence of actions.

Local ConsistencyL PA* maintains two kinds of estimates
of the goal distanced(s) of each state: a g-valuey(s) and
an rhs-valuerhs(s). The rhs-value of a state is based on the
g-values of its successors and thus potentially better informe
than the g-values. It always satisfies the following relation-
ship for all states (Invariant 1):

0
minge a(s)(c(s, a) + g(succ(s, a)))

If § = Sgoal
otherwise.

rhs(s) = {

sistent, that is, obey the triangle inequalityssq,:) = 0
and h(s) < h(s') + ¢(s,a) for all statess € S, states
s’ € Pred(s) and actions € A(s") with s = suce(s’, a).

state with finite plan-execution cost. Otherwise, one can find
a minimum-cost plan by starting ..+ and always execut-
ing the actionarg min,c a(5)(c(s, a) + g(succ(s,a))) in the



0 5
Al2 3
g3 |
ol 4 5
D 5 6 S5—=—G|
lteration #1 ltoration #2 (a) 1st search (b) 2nd search
0 1 2 3 4 5 exp=56,max=1 exp=53,max-1
A A 2 3
B B3 4 Figure 3: (a,b): A* with consistent heuristics (Manhattan Dis-
c cl# 5 tance) and bad tie-breaking (A*-TB13xp is the number of
D p|? 6 state expansions, amdaz is the maximum number of expan-

sions of the same state.

expands cell C2 during its first iteration and sets its g-value to
infinity, which makes cell D2 locally underconsistent since its
rhs-value depends on the g-value of cell C2. This way, LPA*
propagates local inconsistencies from cell to cell. The propa-
gation stops at cells DO and D5 since their rhs-values do not
depend on the g-values of cells that LPA* has changed. LPA*
does not expand all cells but a sufficient number of them to
guarantee that one is able to trace a shortest path from the
start cell to the goal cell by starting at the start cell and al-
ways greedily decreasing the g-value of the current cell. This
example demonstrates how LPA* expands each cell at most
twice (namely once as locally underconsistent and once as
Figure 2: An Example (Koenig, Furcy, & Bauer 2002). locally overconsistent), a property that is only guaranteed to
hold if the heuristics are (backward) consistent.
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current states until s = sg,q; (ties can be broken arbitrar- : : *
ily). Main() then waits for changes in action cogt0}. To Naive Attempts at Extending LPA

maintain Invariants 1-3 if some action costs have changed, iLPA* uses consistent heuristics and breaks ties among states
calls UpdateState)23} for the states potentially affected by with the same f-values in favor of states with smaller g-values.
the changed action costs, and finally recalculates a minimumk is known, however, that A* tends to expand fewer states if it
cost plan by calling ComputePlan() agdit®}, and iterates.  uses inconsistent heuristics and breaks ties among states with
Example We use the four-connected grid in Figure 2 to the same f-values in favor of states with larger g-values. We
demonstrate how LPA* operates. The task is to find a pathtry to apply the same ideas to LPA* since the first search of
from the start cell D1 to the goal cell A2 once (top figure) LPA* is the same as that of A* with the same heuristics and
and then a second time after cell B2 becomes blocked (retie-breaking strategy, and both search algorithms thus expand
maining figures). All edge costs are either one (if the edgeghe same number of states. As example domain, we use the
connect two unblocked cells) or infinity. We use the sum of four-connected grid from Figure 3. The task is to find a path
the absolute difference of the x coordinates of two cells andfrom the start cell S in the upper-left corner to the goal cell
the absolute difference of their y coordinates (Manhattan dis-G in the lower-right corner once and then a second time after
tance) as heuristic approximation of their distance, resultinga cell on the previous cost-minimal path is blocked. All edge
in (forward and backward) consistent heuristics. Assume thatosts are again either one or infinity. Our baseline algorithm is
the g-values were computed as shown in the top figure during\* that uses consistent heuristics and breaks ties among states
initial planning, making all cells locally consistent. (A cell with the same f-values in favor of states with smaller g-values,
is locally consistent iff its g-value equals its rhs-value, which like LPA*. We refer to this tie-breaking strategy as “bad tie-
is computed based on the g-values of the neighboring cells.preaking” even though, in many cases, it does not matter how
Consequently, the g-values of all cells are equal to their reties are broken and all tie-breaking strategies are then equally
spective goal distances. We now block cell B2, which makeseffective. We refer to A* with this tie-breaking strategy as
cell C2 locally underconsistent and thus locally inconsistent.A*-TB1. A*-TB1 with consistent heuristics is guaranteed to
Locally inconsistent cells are shown in grey in the figure to- find a minimum-cost plan. In the example domain, remain-
gether with their priorities. During each iteration, LPA* now ing ties are broken in the order W, N, E and S. We use again
expands one locally inconsistent state with the smallest prithe Manhattan distance as heuristic approximation of the dis-
ority. It sets the g-value of the state to infinity if the state tances. Figure 3(a) shows (in grey) the cells expanded by A*-
is locally underconsistent and to its rhs-value if it is locally TB1 with the Manhattan distance, and Figure 3(b) shows the
overconsistent. In the second case, it turns out that the newells expanded by the same search algorithm after we blocked
g-value of the state is equal to its goal distance. Thus, LPA*one of the cells on the initial path and ran it again. Remem-
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Figure 4: (a,b): A* with inconsistent heuristics (three times Figure 5: (a,b): A naive version of LPA* with inconsistent
the Manhattan Distance) and bad tie-breaking (A*-TB1). heuristics (three times the Manhattan Distance) and bad tie-
(c,d): A*with consistent heuristics (Manhattan Distance) andbreaking. (c,d): A naive version of LPA* with consistent
good tie-breaking (A*-TB2). heuristics (Manhattan Distance) and good tie-breaking.

ber that all variants of LPA* and A* described in this paper Good Tie-Breaking

search from the goal state to the start state, with the exception ) . .
of Figure 12. A* that breaks ties among states with the same f-values in fa-

vor of larger g-values tends to expand fewer states than A*
. —_ that breaks ties in the opposite direction, for example when
Inconsistent Heuristics there are several minimum-cost plans from the start state to
A* can be used with inconsistent heuristics without any the goal state and a large number of states on these plans
changes to the search algorithm. For heuristic search probhave the same f-value as the goal state. This case occurs fre-
lems, these inconsistent heuristics are often derived from conguently on grids. We refer to this tie-breaking strategy as
sistent heuristics by multiplying all heuristics with the same “good tie-breaking” and to A* with this tie-breaking strat-
constant > 1 to get them closer to the values they are sup-egy as A*-TB2. A*TB2 with consistent heuristics is guar-
posed to approximate (resulting in weighted heuristics). A*anteed to find a minimum-cost plan. Figure 4(c) shows the
then trades off plan-execution cost and planning time and thusells expanded by A*-TB2 with the Manhattan distance, and
tends to expand fewer states than A* with consistent heurisFigure 4(d) shows the cells expanded by the same search al-
tics, a property used by HSP-type planners (Bonet & Geffnergorithm after we blocked the cell on the path and ran it again.
2001). While A* is no longer guaranteed to find a minimum- It expands fewer states than A*-TB1 with the Manhattan dis-
cost plan, it still finds a plan whose plan-execution cost istance, demonstrating the advantage of good tie-breaking.
at most a factor ot larger than minimal (Pearl 1985). Fig- One could be tempted to create a version of LPA* with
ure 4(a) shows the cells expanded by A*TB1 with the Man- good tie-breaking as follows: LPA* always expands the
hattan distance multiplied by three, and Figure 4(b) shows th&tate with the smallest priority in its priority queue. The
cells expanded by the same search algorithm after we blockegriority K (s) of states is a two element vectoK (s) =
the cell on the path and ran it again. It expands many fewer K, (s); K2(s)], where K1(s) = min(g(s),rhs(s)) + h(s)
states than A*-TB1 with the Manhattan distance, demonstratand K»(s) = min(g(s),rhs(s)). Thus, the first element of
ing the advantage of inconsistent heuristics. the priority corresponds to the f-value of statand the sec-
One could be tempted to use LPA* with inconsistent ond one corresponds to the g-value of statA naive attempt
heuristics without any code changes. Figure 5(a) shows that creating a version of LPA* with good tie-breaking is to
cells expanded by LPA* with the Manhattan distance mul- change the priority of state to K (s) = [Ki(s); —Ka(s)].
tiplied by three, and Figure 5(b) shows the cells expandedrigure 5(c) shows the cells expanded by our naive version of
by the same search algorithm after we blocked the cell orLPA* with the Manhattan distance. However, it did not replan
the path and ran it again. During the second search, it exat all after we blocked the cell on the path and ran it again
pands many cells more than twice (shown in dark grey) andbecause no inconsistent state had a smaller priority than the
some states even ten times, different from LPA* with con- start state. Consequently, it returned a plan of infinite plan-
sistent heuristics that is guaranteed to expand each state akecution cost even though a plan of finite plan-execution cost
most twice. It expands almost five times more states tharexists. It is thus incorrect. We fixed this problem by forcing it
A*-TB1 with the same heuristics and almost two times more to expand states until it found a plan with finite plan-execution
states than A*-TB1 with the Manhattan distance. Thus, LPA* cost from the start state to the goal state. Figure 5(d) shows
with inconsistent heuristics is less efficient than search fromthe cells expanded by this version of LPA* with the Manhat-
scratch. Even worse, it turns out that LPA* with inconsis- tan distance after we blocked the cell on the path and ran it
tent heuristics can return a plan of infinite plan-execution costagain. It expands some states more than twice, different from
even if a plan of finite plan-execution cost exists, different LPA* with consistent heuristics that is guaranteed to expand
from A* with inconsistent heuristics that is guaranteed to re-each state at most twice. It expands more states than A*-
turn a plan of finite plan-execution cost if possible. Thus, TB2 with the same heuristics and more states than A*-TB1
LPA* with inconsistent heuristics is not even correct. LPA* with the same heuristics and therefore is less efficient than
thus cannot be used with inconsistent heuristics without anysearch from scratch. This behavior can be explained as fol-
changes to the search algorithm. lows: LPA* with good tie-breaking can repair some part A



of its search tree and only then detect that it also needs to r
pair a part of its search tree closer to its root. After it has
repalred this part of its search tree, the best way of repalrmgmallest priority in priority queu€’ and returns the state. U.Insest k)

part A might have changed and it then has to repair part

e‘l:he pseudocode uses the following functions to manage the priority queue: U.TgpKey

returns the smallest priority of all states in priority quelie (If U is empty, then
U.TopKey() returns the largest possible priority.) U.R9pdeletes the state with the
inserts state into
riority queueU with priority k. U.Removés) removes state from priority queueU.

again, possibly resulting in a large number of expansions Okinaiy, U.Updatés, k) sets the priority of state in the priority queue td:. The predicate
the states in part A. Thus, our naive versions of LPA* with Notvet(s) is a shorthand for “state has not been expanded yet as overconsistent during
good tie-breaking are either incorrect or inefficient. The eas-the current call to ComputePlgy”

iest way of avoiding this problem is to repair the search tree

from the root to the leaves, which is exactly what LPA* with
bad tie-breaking does.

Generalized Lifelong Planning A* (GLPAY*)
We now develop Generalized LPA* (GLPA*), a framework

that generalizes LPA* and its nondeterministic version Min-

imax LPA* (Likhachev & Koenig 2003) and allows one to
develop more capable versions of LPA* and Minimax LPA*,
including versions of LPA* and Minimax LPA* that use in-
consistent heuristics and good tie-breaking.

; X _— 0
Notation We need to generalize some definitions }11%
since GLPA* can operate in nondeterministic domains. {12}
C S denotes the set of states that can result{3

Succe(s, a)
from executing actiorw € A(s) in states. This set con-

tains only one element in deterministic domains, namely the{ie}

state succ(s,a). Similarly, Pred(s) = {s’ € S|s €
Succ(s’,a) for somea € A(s')} denotes the set of predeces-
sors of states € S. 0 < ¢(s,a,s’) < oo denotes the cost
of executing actiors € A(s) in states € S if the execu-
tion results in state’ € S. Then, the smallest possible plan-
execution cost of any plan from statec S to states’ € S'is
defined recursively in the following way:

c*(s,s") = { 0

. . " 17 !
ming e 4(s) mmsuesucdswa)(c(s, a, s’y +c*(s", "))

ifs =s'
otherwise.

procedure Initialize ()
{01} U = ¢;
{02} forall s € S rhs(s) = g(s) = oo;
{03} rhs(sgoar) = 0;
{04} UpdateStatesjoa1);
procedure UpdateStatéw)
{05} if (u # sgoar) Ths(u) = minge a(u) Qg(u, a);
{06} if (u € U andg(u) # rhs(u)) U.Updatdu, K (u));
{07} elseif w € U andg(u) = rhs(s)) U.Removéu);
{08} else if (w ¢ U andg(u) # rhs(u) and NotYefw)) U.Inser(u, K (u));
procedure ComputePlar()
{09} while (U.TopKey) < K (Sstart) Of Ths(Sstart) 7# 9(Sstart))
1 u = U.Pop();
if (g(u) > rhs(u))
g(u) = rhs(u);
forall s € Pred(u) UpdateStates);
14} else
{15} g(u) = oo;
forall s € Pred(u) U {u} UpdateStatés);
procedure Main()
{17} Initialize();
{18} forever
{19} ComputePlaf);
{20} forall inconsistent states ¢ U U.Inser(s, K(s));
{21} Wait for changes in action costs;
{22} for all actions with changed action costSu, a, v)
{23} Update the action cos{(u, a, v);
{24} UpdateStatéu);

Figure 6: GLPA*: Generalized Lifelong Planning A*.

GLPA* always determines a best plan (in form of a pol- for the same functior”. The values), (s, a) are maintained

icy) according to a given optimization criterion from the given py GLPA*, while the values) (s, a) are used to defined the
start state to the given goal state, knowing both the doma'ﬂixpointhd(s) for all statess € S as follows:

and the current action costs.

It gives one a considerable
amount of freedom when it comes to specifying the optimiza-
tion criterion. We borrow some notion from reinforcement

0 if s = Sgoal
ming e A(s) Qgad(s,a)  otherwise.

ga(s) = {

learning to explain how this is done: Assume that every state

s € S has a V-valueV (s) associated with it. Every state-
action pairs € S anda € A(s) thenhasavalu@vy (s,a) > 0

Since the domain is potentially nondeterministic, the
plan is a policy (a mapping from states to actions).

associated with it that is calculated from the action costsThe best plan is defined to result from executing action

¢(s,a,s") and the value¥ (s') for all statess’ € Succ(s, a).
(We call these valueQy (s, a) because they are similar to Q-

arg minge a(s) Qga(s,a) in states € S with s # s444;. For
example, LPA* defines),(s,a) = c(s,a,s") + g(s’) for

values from reinforcement learning.) Thus, there is a functionSucc(s, a) = {s'}.

F such thatQy (s,a) = F(c(s,a,-),V(:)). This function

Local ConsistencyGLPA* maintains the same two kinds

can be chosen arbitrarily subject only to the following three of variables as LPA* for each statewhich again estimate the

restrictions on the valueQy (s, a) for all statess € S and
actionsa € A(s) (Restriction 1):

e Qv (s,a) cannot decrease ¥ (s’) for ones’ € Succ(s, a)
increases antf (s”) for all s” € Succe(s, a)—{s'} remains
unchanged,

e cQy(s,a) > Q.v(s,a)foralle >0, and
® Qv (s,a) > maxyegyce(s,a)(c(s,a,s) + V(s')).

We then also define the values),(s,a)
F(e(s,a,-),9(-)) and Qga(s,a) F(c(s,a,-), gd(-))

valuegd(s): a g-valuey(s) and an rhs-valuehs(s). The rhs-
value always satisfies the following relationshipvariant
1)

0 if s = 5g0al
ming e 4(s) @g(s,a)  otherwise.

rhs(s) = {
The definitions of local consistency, overconsistency and
underconsistency are exactly the same as for LPA*.
Priority Queue GLPA* maintains the same priority queue
as LPA* but the priority queue now always contains exactly



the locally inconsistent states that have not yet been expandeabain, it expands the state as overconsistent next and then can-
as overconsistent during the current call to ComputgPPlan not expand it again. GLPA* thus provides the same guarantee
(Invariant 2). GLPA* gives one a considerable amount of as LPA*, and the next theorem about the termination and ef-
freedom when it comes to specifying the priorities of the ficiency of GLPA* follows:

states, different from LPA*. The prioritys(s) of states is
calculated from the valuegs) andrhs(s). The calculation
of the priority K (s) is subject only to the restriction that there
must exist a constant< ¢ < oo so that for all states, s’ € S

Theorem 1 GLPA* expands every state at most once as un-
derconsistent and at most once as overconsistent during each
call to ComputePlaf) and thus terminates.

(Restriction 2): The correctness of GLPA* follows from the following
. I :

o if g(s') > rhs(s’), g(s) < rhs(s) and rhs(s’) > emma
c*(s',s) + g(s), thenK(s") > K(s), and Lemma 1 Assume that ComputePlgnexecutes line{09}

. and consider a state € U for which g(u) > rhs(u) and
o if *g(sl’) > rhs(s), g(s) > rhs(s) and rhs(s') > gd(s) < rhs(s) < g(s) < egd(s) for all(s%ateSS E(S)With
ec’(s', 5) + rhs(s), thenK(s') > K(s). K(s) < K(u). Thengd(u) < rhs(u) < egd(u), and the
We “translate” these restrictions as follows: There are twoplan-execution cost is no larger thas(u) if one starts inu
cases when the prioriti( (s) of some state has to be smaller ~and always executes the actiorg min,e (s) @y (s, @) inthe
than the priorityK (s') of some states’ (K(s') > K(s)).  currentstates until s = sgoa-

In both cases, stat€ is either locally consistent or locally The reason why GLPA* is correct is similar to the reason

overconsistenty(s’) > rhs(s")). In the first case, state \ny nreadth-first search is correct. Whenever breadth-first
s s locally underconsistenty(s) < rhs(s)) and the rhs-  gearch expands a state with the smallest priority among all
value of states’” might potentially depend on the g-value of giates that have not been expanded yet, then the g-values of
s (rhs(s’) > ¢*(s',s) + g(s)). In the second case, stalés 5| states with smaller priorities are equal to their respective
locally overconsistent and the rhs-value of stéltenight po-  gtart distances. Consequently, the g-value of the expanded
tentially overestimate the cost of an optimal plan from stategyate is also equal to its start distance. Similarly, whenever
s' to the goal state/by more ,than a factoredbased on the  computePlaf) expands an overconsistent statavith the
rhs-value ofs (rhs(s") > ec*(s', s) + rhs(s)). smallest priority among all inconsistent states that have not
The priority of a state in the priority queue always_, COIe-  peen expanded yet, then all statesith K (s) < K (u) satisfy
sponds tak (s) (Invariant 3). GLPA* compares priorities in gd(s) < rhs(s) < g(s) < egd(s). According to the above
the same way as LPA*, namely according to a lexicographiCiemma, it then also holds thati(u) < rhs(u) < egd(u).
ordering, although priorities no longer need to be pairs.  \when the overconsistent stateis expanded, its g-value is
Pseudo CodeThe pseudo code of GLPA* in Figure 6 is gt to its rhs-value and it then holds thal(u) < rhs(u) <
very similar to the one of LPA*. There are only two dif- g(u) < egd(u). After ComputePlafj terminates, it holds
ferences: First, GLPA* generalizes the calculation of thethat/. TopKey() > K (ssare) andg(Ssiare) = 7h5(Sstart)-
rhs-values and the priorities, which gives one a considerablehys, none of the stateswith K(Sst(art) > K(s) are in
amount of freedom when it comes to specifying the optimiza-the priority queue and consequently they satigl{s) <
tion criterion and the order in which to expand states. SecondThs(S) < g(s) < egd(s). The above lemma thus applies, and

the priority queue of GLPA* does not contain all locally in- the next theorem about the correctness of GLPA* follows:
consistent states but only those locally inconsistent states that

have not yet been expanded as overconsistent during the cufheorem 2 After ComputePlaf) terminates, it holds that
rent call to ComputePldj. This can be done by maintain- 94(Sstart) < Ths(Sstart) < €gd(ssart) and the plan-
ing an unordered list of states that are locally inconsistent bugXecution cost is no larger thamhs(ssar¢) if one starts in
not in the priority queue. The predicate Notit {08} is  Sstart @Nd always executes the action minge 4(s) Qq(s, a)
therefore a shorthand for “statehas not been expanded yet in the current states until s = sgoa:.
as overconsistent during the current call to Computefflan  The plan-execution cost of GLPA* is thus at most a factor
However, GLPA* updates the priority queue to contain all of ¢ larger than minimal.
locally inconsistent states between calls to Computgfplan
{20}. Possible Instantiations of GLPA*
. . We defineQ,(s,a) = maxyegyce(s.a)(c(s,a,s’) + g(s’

Theoretical Analysis in determiniét(ic a?wd nondeteermings'ti():(d(omains) for zgll )s)tates
We now prove the termination, efficiency and correctness ofs € S and actionss € A(s). This definition reduces to
GLPA*. When ComputePlan expands a state as overcon- Q,(s,a) = c¢(s, a,s’) + g(s’) for Succ(s,a) = {s'} in deter-
sistent, then it removes the state from the priority queue andninistic domains, which is the definition used by LPA*. It is
cannot inserted it again since it does not insert states int@asy to show that this choice X, (s, a) satisfies Restriction
the priority queue that have already been expanded as ovef-. We now show how to define the priorities for various sce-
consistent. Thus, ComputeP{ardoes not expand a state narios so that the resulting choiceskfs) satisfy Restriction
again after it has expanded the state as overconsistent. Whéh Consequently, the restrictions are not very limiting.
ComputePlaf) expands a state as underconsistent, it sets the LPA* and Minimax LPA* It is easy to show that GLPA*
g-value of the state to infinity. Thus, if it expands the statereduces to LPA* in deterministic domains and to Minimax



the same inconsistent heuristics if GLPA* and A*-TB1 break
remaining ties in the same way. We now give examples of
heuristics that are (backwarelconsistent:

LPA* in nondeterministic domains if one calculat&¥s) in
the following way:
if (g(s) < rhs(s))
K(s) = [9(s) + h(s); 9(s)]
else
K(s) = [rhs(s) + h(s);rhs(s)]

e In search, inconsistent heuristics are often derived from
(backward) consistent heuristit8(s) by multiplying them
with a constant > 1 (resulting in weighted heuristics).

It is easy to show that this choice &f(s) satisfies Re-
striction 2 withe = 1 if the heuristics are nonnegative and
(backward) consistent, which now means thét;.,:) = 0
andh(s) < h(s") + c(¢,a,s) for all statess € S, states
s’ € Pred(s), and actions € A(s') with s € Succ(s', a).
This property implies thab(s) < h(s') + c¢*(s', s) for all
statess, s’ € S.

Then, h?(sstart) = 0 and ho(s) < h2(s') + c(¢',a,s)
for all statess < S, statess’ € Pred(s) and ac-
tionsa € A(s') with s € Succ(s’,a). Consequently,
h(Sstart) = EhO(SStart) = 0 and h,(S) = GhO(S) S
eh?(s') + ec(s'ya,s) < h(s') + ec(s,a,s) for all states

s € S, statess’ € Pred(s) and actions: € A(s") with

s € Suce(s', a). The inconsistent heuristics are thus (back-

e Assume thatg(s’) > rhs(s’), g(s) < rhs(s) and
rhs(s’) > ¢*(s',s)+g(s). Then, a)s # s’ since otherwise
we have the contradiction thafs) > rhs(s) andg(s) <

ward) e-consistent. One can use,,s(s) = h°(s) for all
seS.

N i e In HSP-type planning, inconsistent heuristics are some-
rhs(s), b)rhs(s') > ¢*(s',s) + g(s) > g(s) sinces # s’ times obtained by adding the valuesrotbackward) con-

* (o / * (o
and therefore”(s', s) > 0, and c)a(s) +c*(s', 5) 2 h(s) sistent heuristic:1?(s) (Bonet & Geffner 2001). Then,
since the heuristics are (backward) consistent. Put together, B (atart) = 0 and ho(s) < ho(s') + (s, a, ) for all

it follows thath(s') +rhs(s") > h(s")+c*(s',8) +g(s) >

h(s) + g(s) andrhs(s’) > g(s), which impliesK (s') =

[rhs(s") + h(s');rhs(s')] > [g(s) + h(s); g(s)] = K(s).

e Assume thatg(s’) > rhs(s’), g(s) > rhs(s) and
rhs(s’) > c¢*(s',s) + rhs(s). Then, a)rhs(s’) >
c*(¢',s) + rhs(s) > rhs(s) sincec*(s’,s) > 0, and b)
h(s") + ¢*(s’,s) > h(s) since the heuristics are (back-
ward) consistent. Put together, it follows thats’) +
rhs(s’) > h(s') + ¢*(s',s) + rhs(s) > h(s) + rhs(s)
andrhs(s’) > rhs(s), which impliesK (s') = [rhs(s") +
h(s");rhs(s")] > [rhs(s) + h(s);rhs(s)] = K(s).

According to Theorem 2, the plan-execution cost (worst-
case plan-execution cost) of GLPA* is minimal in determinis-
tic (nondeterministic) domains. It is easy to show that the first
search of GLPA* in deterministic domains expands exactly
the same states as A*-TB1 with the same consistent heuris-
tics if GLPA* and A*-TB1 break remaining ties in the same
way.

Inconsistent HeuristicsWe have argued that A* is often
used with inconsistent heuristics to trade off plan-execution (e, — ¢ — c(s'ya,8)+ e c*(Sstart, S') =
cost and planning time and then tends to expand fewer states ¢ ¢(s', a, s) + € ¢* (sstar, ') < ec(s',a,s) + h(s') for
than A* with consistent heuristics. Assume that the heuristics gl statess < S, statess’ € Pred(s) and actions
are nonnegative and (backwardfonsistent, that is, satisfy a € A(s') with s € Succ(s',a), where cppin =
h(sstart) = 0 @ndh(s) < h(s') 4 € * c(s', a, s) for all states iy g e A(s),s' €Succ(s,a) €(8: @, 8').  The inconsistent
s € 9, statess’ € Pred(s) and actionsa € A(s’) with heuristics are thus (backwareiconsistent fore = ¢, +
s € Succe(s’,a). One can then use GLPA* if one calculates (eu — 1) maxses ¢ (Ssrares)

K (s) in the following way: “ Cmin
if (9(s) < rhs(s))

K(s) = [g(s) + heons(s); g(s)]
else
K(s) = [rhs(s) + h(s); rhs(s)]

heons(s) denotes any (backward) consistent heuristics, for
example, the zero heuristics. It is easy to show that this
choice of K(s) satisfies Restriction 2 for the given Ac-
cording to Theorem 2, the plan-execution cost (worst-case  K(s) = [rhs(s) + h(s); 1; h(s)]
plan-execution cost) of GLPA* is at most a factoredfarger It is easy to show that this choice & (s) satisfies Re-
than minimal in deterministic (nondeterministic) domains. It striction 2 withe = 1 if the heuristics are honnegative and
is easy to show that the first search of GLPA* in determinis- (backward) consistent. According to Theorem 2, the plan-
tic domains expands exactly the same states as A*-TB1 witlexecution cost (worst-case plan-execution cost) of GLPA* is

statess € S, statess’ € Pred(s) and actionsa €
A(s") with s € Suce(s’,a). Consequentlyh(ssiart) =
>0, h2(sutare) = 0 andhis) = 35, h°(s) < 3, h°(s') +
Yo.c(s'a,s) < h(s') +ne(s',a,s) for all statess € S,
statess’ € Pred(s) and actionsa € A(s") with s €
Succ(s',a). The inconsistent heuristics are thus (back-
ward) e-consistent fore = n. One can UsSé.ons(s) =
max; h?(s) forall s € S.

e Sometimes the inconsistent heuristics are not derived
from (backward) consistent heuristics but it is known
that €; ¢*(Sstart, ) < h(s) < €, c*(Sstart,s) for all
statess € S and given constantg; and ¢,, where

e can be zero. Thenp) = ¢ ¢*(Sstarts Sstart)
h(Sstart) S euC*(Sstartasstart) =0 and h(S)
€uC (Sstart;s) < €y (*(Sstart,s") + (5, a,s))
€u C*(Sstartvsl) + €y C(sl7a78) = €y C*(sstartas/)
€u C(S’,cuf) — € CT(Sstart; s') + € c*(8start 8') = (€u
(eu — 1) “Loserts)) off 0, ) 4 €1 ¢ (sutares ') < (eu+
) maxsecs c*(ssmrt,s))

+ + I IAIA

Good Tie-Breaking We have argued that A* is often used
with good tie-breaking and then tends to expand fewer states
than A* with bad tie-breaking. One can use GLPA* in the
same way if one calculatds(s) in the following way:

if (9(s) < rhs(s))

K(s) = [g(s) + h(s); 05 9(s)]
else



Experimental Evaluation

We use four-connected grids of size 200 by 200 cells, with the
exception of Figure 10 where we use eight-connected grids.
The start cell is at (20,20), and the goal cell is at (180,180).
We created 100 grids by randomly blocking 10 percent of the
cells (= 4,000 cells) and then changed each grid 500 times
in a row (resulting in one planning episode and 500 replan-
ning episodes) by changing the blockage status of 20 ran-
Figure 7: (a,b): LPA* with inconsistent heuristics (three times domly chosen blocked and 20 randomly chosen unblocked
the Manhattan Distance) and bad tie-breaking (LPA*-TB1). cells, with one restriction: Since LPA* is generally more ef-
(c,d): LPA* with consistent heuristics (Manhattan Distance) ficient than A* in situations where the changes occur around
and good tie-breaking (LPA*-TB2).exp is the number of  the goal states of the search (Koenig, Furcy, & Bauer 2002),
state expansions, andax is the maximum number of ex- we chose 90 percent of the blocked cells and 90 percent of
pansions of the same state. the unblocked cells within a distance of 50 cells from the goal
cell of the search. We chose the remaining cells from outside
of this region. We use two different heuristics. The strong
minimal in deterministic (nondeterministic) domains. It is (Weak) heuristics uses the sum (maximum) of the absolute
easy to show that the first search of GLPA* in determinis- difference of the x coordinates of two cells and the absolute
tic domains expands exactly the same states as A*-TB2 wittflifference of their y coordinates as heuristic approximation

the same consistent heuristics if GLPA* and A*-TB2 break Of their distance. Both heuristics are (forward and backward)
remaining ties in the same way. consistent. The strong heuristics (Manhattan distance) dom-

Good Tie-Breaking and Inconsistent HeuristicsOne can inate the weak ones, which explains our choice of names.

combine good tie-breaking and inconsistent heuristics that arngntr?.?]reI% Z e)'(t%et(r::eas”tr%?]arﬁg T‘gsﬁgghtﬁ]:nt?hgavgai ﬁg‘il.lg
(backward)-consistent if one calculatds (s) in the follow- ~ P'anning ime wi g heunst the weak neurl
ing way: tics. The priority queues of all search algorithms are imple-

mented as binary heaps. (We could speed up A* by using
if (9(s) < rhs(s)) buckets instead of binary heaps but it is currently unclear how
K(s) = [9(s) + heons(s); 05 g(s)] to speed up LPA* in the same way.) Whenever we need a
else if(g(s) = rhs(s)) variant of LPA* with consistent heuristics (thatds= 1) and
K(s) = [g(s) + h(s); 0; g(s)] bad tie-breaking, we use the original version of LPA*. Oth-
olse erwise, we use one of the new versions of LPA*. All ver-
K(s)

S| S|
(a) 1stsearch (b) 2nd search (c) 1stsearch (d) 2nd search
exp=18,max-1 exp=22,max-2 exp=18, max=1 exp=49, max=2

G

sions of LPA* use the optimizations described in (Koenig &

Likhachev 2002b). The versions of A* never expand any state
heons(s) again denotes any (backward) consistent heurisimore than once per (re-)planning episode and do not replan

tics, for example, the zero heuristics. It is easy to show thatwhenever all edges with changed costs are outside of their

[rhs(s) + h(s); 1; h(s)];

this choice ofK (s) satisfies Restriction 2 for the givenif
the heuristics are nonnegative and (backwardpnsistent.

previous search trees. As a consequence, their planning time
averaged over all (re-)planning episodes can be smaller than

According to Theorem 2, the plan-execution cost (worst-caseheir planning time averaged over the first planning episodes

plan-execution cost) of GLPA* is at most a factoredfarger

only. All planning times are reported in milliseconds on a

than minimal in deterministic (nondeterministic) domains. It Pentium 1.8 GHz PC.

is easy to show that the first search of GLPA* in determinis-

tic domains expands exactly the same states as A*-TB2 withnconsistent Heuristics
the same inconsistent heuristics if GLPA* and A*-TB2 break

remaining ties in the same way. We create inconsistent heuristics by multiplying either the

strong or the weak heuristics with the same constanwhere

e ranges from 1.0 to 2.4. Tables 8, and 9 report for A*-TB1,
A*-TB2 and our new LPA* with bad tie-breaking (LPA*-
TB1) both the resulting planning time and the resulting plan-
We use the four-connected grid from Figure 3 to evaluate ouexecution cost averaged over both the first planning episode
new versions of LPA*. Figure 7(a,b) shows the cells expandedand the 500 subsequent replanning episodes. We observe
by the new version of LPA* with inconsistent heuristics, and the following trends: All search algorithms trade off plan-
Figure 7(c,d) shows the cells expanded by the new version oéxecution cost and planning time. The planning time de-
LPA* with good tie-breaking. The new versions of LPA* in- creases and the plan-execution cost increasesraseases.
deed expand each state at most twice and expand many few&he decrease in planning time is more pronounced for the
states than our earlier naive modifications of LPA* but the inconsistent heuristics based on the weak heuristics than the
grid is not large enough to demonstrate that they expand fewestrong heuristics since the strong heuristics are more infor-
states than search from scratch. We therefore present a largerative. Also, the decrease in planning time is more pro-
and more systematic case study in the following, where wenounced for A*-TB1 and A*-TB2 than for LPA*-TB1 since
average over 100 much larger grids. LPA*-TB1 is already much faster than A*-TB1 and A*-TB2

lllustration



Planning Time strong heuristic$ strong heuristic$ weak heuristic$ weak heuristic

€ 1.0 [1.2]14]|16]|1.8]|20] 22|24 51 episodes | initial episodes| 51 episodes | initial episodes|
A*TB1 [16.60[0.63|0.48(0.42{0.40(0.37|0.37|0.37 A*-TB1 16.65 16.15 24.08 23.49
A*-TB2 1.73 [0.41]0.38]0.38[0.37]0.37]0.370.37 A*-TB2 2.05 1.99 23.91 23.46
LPA*-TB1| 0.16 [0.13]0.13]0.12|0.12|0.12|0.12]0.12 LPA*-TB1 0.78 18.83 0.97 27.23
Plan-Execution Cost LPA*-TB2 0.52 2.37 0.97 27.35

€ 1.0 1.2 1.4 1.6 1.8 2.0 2.2 2.4

A*TB1 |320.07330.74]333.93[335.08 [335.82|336.19 336'439 336.58 H . H H _
A*-TB2 |320.07|333.44|335.62|336.20 | 336.51 | 336.66 | 336.86 | 337.17 Flgure 11: Plannlng time fm’i 1 averaged over (a) 51 (re-

TPA*-TBI | 320.07 | 330.35 | 334.66 | 336.48 | 337.33 | 337.82 | 338.19 | 338.40 )planning episodes and (b) the initial planning episode only.

Figure 8: Strong heuristics.

Planning Time Good Tie-Breaking
€ 1.0 1.2 1.4 1.6 1.8 20| 22|24
A*TB1 |24.07]20.70|16.43|11.02|4.88|0.63|0.39|0.36 A H
A*TB2 |23.96(20.6916.34|11.21(4.72(0.470.31[0.30 Table 11 r_eports for A*-TB_l’ A*-TBZ’ the Orlglnal version
CPA*TBL | 0.20 | 0.17 | 0.14 | 0.12 |0.10]0.09|0.10|0.10 of LPA* (with bad tie-breaking, LPA*-TB1) and the new ver-

. ol 1 PlanExecuon Cost sion of LPA* (with good tie-breaking, LPA*-TB2) with both
A*TBL |320.07 | 320.07 | 320.07 | 320.08 | 320.08 | 320.12 | 320.14 [ 320.15 the strong and weak heuristics the planning time. For the
A*-TB2 |320.07{320.07|320.08|320.08 [ 320.11 | 320.16 | 320.20 | 320.23 p|ann|ng t|meS, we report both an average over the f”'st p|an_
LPA*TB1 | 320.07 | 320.07 | 320.07 | 320.08 | 320.08 | 320.09 | 320.17 | 320.19 . h . .

ning episode and the 50 subsequent replanning episodes and
Figure 9: Weak heuristics. an average over the first planning episode only. The plan-

ning time averaged over all planning episodes is likely to be
more important if the number of replanning episodes is large,
and the planning time averaged over the first planning episode

planning time] planning time | plan-execution cogt only is likely to be more important if the number of replan-
501 episodes initial episodeg . . . .
AFTBL 0.24 0.34 T72.66 ning episodes is very small. Since the start and goal cells are
A*TB2 0.24 0.35 174.87 placed diagonally from each other and the density of blocked
LPA*-TB1 0.14 0.43 173.54

cells is relatively small, there tends to be a large number of

)planning episodes and (b) the initial planning episode only;a large number of cells on these paths have the same f-value
and plan-execution cost as the goal cell. Thus, the tie-breaking strategy can make a

large difference. (In contrast, if the start and goal cells are
placed horizontally from each other, then there tends to be a
much smaller number of minimum-cost paths from the start
cell to the goal cell and the tie-breaking strategy makes much
for e = 1. Overall, the planning times of LPA*-TB1 are al- less of a difference.) We do not report the plan-execution
ways at least a factor of two smaller than the planning timescosts since all search algorithms find cost-minimal paths. We
of A*-TB1 and A*TB2, yet the resulting plan-execution observe the following trends: A*-TB2 has smaller planning
costs are comparable, demonstrating the advantage of the nelimes than A*-TB1. Therefore, there is no advantage of using
version of LPA* with inconsistent heuristics if the planning A*-TB1 over A*-TB2 and we thus compare the versions of
times need to be small. We also created inconsistent heurid-PA* against A*-TB2. The original LPA*-TB1 corresponds
tics in a different way, namely by using the strong heuristicsto the state of the art before our research. Its average plan-
on eight-connected (rather than four-connected) grids. Thening time is much smaller than that of A*-TB2 if the number
strong heuristics are inconsistent on eight-connected grids buif replanning episodes is large, but it is much larger than that
e-consistent fork = 2 since they are the sum of two consis- of A*-TB2 if the number of replanning episodes is small (and
tent heuristics, namely the absolute difference of the x co-the heuristics are strong). The reason for the latter fact is that
ordinates of two cells and the absolute difference of their yLPA*-TB1 and A*-TB1 expand exactly the same states dur-
coordinates. We useld...s(s) = 0 forall s € S. Table 10  ing the first search, and A*-TB1 in turn expands many more
reports for A*-TB1, A*-TB2 and LPA*-TB1 both the result- states than A*-TB2 in domains where the tie-breaking strat-
ing planning time and the plan-execution cost. For the plan-egy makes a difference. (Also, LPA*-TB1 has some overhead
ning times, we report both an average over the first planningover A*-TB1 per state expansion.) Our new LPA*-TB2 reme-
episode and the 500 subsequent replanning episodes and dies this problem. Its planning time averaged over a large
average over the first planning episode only. For the plantumber of replanning episodes is identical to that of LPA*-
execution time, we only report an average over the first plan-TB1, and its planning time for the first planning episode is
ning episode and the 500 subsequent replanning episodesomparable to that of A*-TB2. The first property implies that
The plan-execution costs of all three search methods are abothere is no advantage of using LPA*-TB1 over LPA*-TB2,
the same but the planning time of LPA*-TB1 averaged overdemonstrating the advantage of the new version of LPA*. The
all planning episodes is somewhat smaller than the ones dftter property implies that there is no advantage to the follow-
A*-TB1 and A*-TB2. Note that the original version of LPA* ing alternative to LPA*-TB2: To obtain good planning times
cannot be used with inconsistent heuristics because it is navhether the number of replanning episodes is small or large,
guaranteed to find plans of finite plan-execution cost even ifone could use A*-TB2 for the first planning episode, pass the
they exist. priority queue and search tree from A*-TB2 to LPA*-TB1,



procedure Initialize ()

{01} U = 0;

{02} forall s € S rhs(s) = g(s) = oo;

{03} rhs(sstart) = 0;

{04} UpdateStatés.iart);

procedure UpdateStatew)

{05} if (u # sstart) rhs(u) = minges ac A(s):suce(s,a)=u (9(8) + c(s, a,u));
{06} if (u € U andg(u) # rhs(u)) U.Updatdu, K (u));

{07} else if w € U andg(u) = rhs(s)) U.Removéu);

{08} else if w ¢ U andg(u) # rhs(u) and NotYefu)) U.Inser(u, K (u));
procedure ComputePlar()

{09} while (U.TopKey() < K(Sgoat) OF7hs(sgoar) # 9(Sgoat))

{10} w = U.Pop);

{11} if (g(u) > rhs(u))

{12} g(u) = rhs(u);

{13}  forall s € Succ(u) UpdateStates);

{14} else

{15} g(u) = oo;

{16} forall s € Suce(u) U {u} UpdateStates);

procedure Main()

{17} Initialize();

{18} forever

{19} ComputePlaf);

{20} forallinconsistent states ¢ U U.Inser(s, K(s));
{21} Wait for changes in action costs;

{22} forall actions with changed action costsu, a, v)
{23} Update the action cos{(u, a, v);

{24} UpdateStatéev);

Figure 12: Forward Version of GLPA*.

lems with changing goal states as well. However, much work
remains to be done. For example, planning domains are much
larger than grids and might no longer completely fit into mem-
ory, in which case memory management becomes a problem.
Also, the quality of the heuristics for HSP-type planning can
be arbitrarily bad. Thus, it remains future work to build and
evaluate a heuristic search-based replanner that makes use of
GLPA* with inconsistent heuristics.

Conclusions

In this paper, we developed GLPA*, a framework that gener-
alizes an incremental version of A*, called LPA*, and allows
one to develop more capable versions of LPA* and its non-
deterministic version Minimax LPA*, including a version of
LPA* that uses inconsistent heuristics and a version of LPA*
that breaks ties among states with the same f-values in favor
of states with larger g-values. We showed experimentally that
GLPA* indeed speeds LPA* on grids and thus promises to
provide a good foundation for building heuristic search-based
replanners.
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