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Abstract

Incrementalsearchtechniques�nd optimalsolutionsto seriesof similar
searchtasksmuch fasterthan is possibleby solving eachsearchtask
from scratch.While researchershave developedincrementalversionsof
uninformedsearchmethods,we developan incrementalversionof A*.
The �rst searchof Lifelong PlanningA* is the sameasthat of A* but
all subsequentsearchesaremuchfasterbecauseit reusesthosepartsof
theprevioussearchtreethatareidenticalto thenew searchtree.Wethen
presentexperimentalresultsthatdemonstratetheadvantagesof Lifelong
PlanningA* for simplerouteplanningtasks.

1 Overview
Arti�cial intelligencehasinvestigatedknowledge-basedsearchtechniquesthat allow one
to solve searchtasksin largedomains.Most of theresearchon thesemethodshasstudied
how to solve one-shotsearchproblems. However, searchis often a repetitive process,
whereoneneedsto solve a seriesof similar searchtasks,for example,becausetheactual
situationturnsout to be slightly different from the oneinitially assumedor becausethe
situationchangesover time. An examplefor route planningtasksare changingtraf�c
conditions. Thus,oneneedsto replanfor the new situation,for exampleif onealways
wantsto displaythe leasttime-consumingroutefrom theairport to theconferencecenter
on a webpage.In thesesituations,mostsearchmethodsreplanfrom scratch,thatis, solve
thesearchproblemsindependently. Incrementalsearchtechniquessharewith case-based
planning,plan adaptation,repair-basedplanning,andlearningsearch-controlknowledge
the propertythat they �nd solutionsto seriesof similar searchtasksmuchfasterthan is
possibleby solvingeachsearchtaskfrom scratch.Incrementalsearchtechniques,however,
differ from theothertechniquesin thatthequality of their solutionsis guaranteedto beas
goodasthequalityof thesolutionsobtainedby replanningfrom scratch.

Although incrementalsearchmethodsarenot widely known in arti�cial intelligenceand
control, different researchershave developedincrementalsearchversionsof uninformed
searchmethodsin the algorithmsliterature. An overview can be found in [FMSN00].
We, on theotherhand,developan incrementalversionof A*, thuscombiningideasfrom
the algorithmsliteratureand the arti�cial intelligenceliterature. We call the algorithm
Lifelong PlanningA* (LPA*), in analogyto “lifelong learning”[Thr98], becauseit reuses
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informationfrom previoussearches.LPA* usesheuristicsto focusthesearchandalways
�nds ashortestpathfor thecurrentedgecosts.The�rst searchof LPA* is thesameasthat
of A* but all subsequentsearchesaremuchfaster. LPA* producesat leastthesearchtree
thatA* builds. However, it achievesa substantialspeedupoverA* becauseit reusesthose
partsof theprevioussearchtreethatareidenticalto thenew searchtree.

2 The Route Planning Task
Lifelong PlanningA* (LPA*) solvesthe following searchtask: It appliesto �nite graph
searchproblemsonknown graphswhoseedgecostscanincreaseor decreaseover time. �

denotesthe �nite setof verticesof thegraph. ���������	��

��� denotesthesetof successors
of vertex ����� . Similarly, �
����������
���� denotesthesetof predecessorsof vertex ����� .

���

����� �!��"#
%$'& denotesthecostof moving from vertex � to vertex ��"(�)�*�+���,�	��
 . LPA*
always determinesa shortestpath from a given start vertex �,-/.10324.5�6� to a given goal
vertex �87�9 0;: ��� , knowing boththetopologyof thegraphandthecurrentedgecosts.We
use<>=,�	��
 to denotethestartdistanceof vertex �?�@� , that is, thelengthof a shortestpath
from ��-/.10�2A. to � .

To motivate and test LPA*, we usea specialcaseof thesesearchtasksthat is easyto
visualize. We apply LPA* to navigation problemsin known eight-connectedgridworlds
with cellswhosetraversabilitycanchangeover time. They areeithertraversable(with cost
one)or untraversable.LPA* alwaysdeterminesa shortestpathbetweentwo givencellsof
the gridworld, knowing both the topologyof the gridworld andwhich cells arecurrently
blocked.Thisisaspecialcaseof thegraphsearchproblemsoneight-connectedgridswhose
edgecostsareeitheroneor in�nity . As anapproximationof thedistancebetweentwo cells,
we usethemaximumof theabsolutedifferencesof their x andy coordinates.This results
in consistentheuristicsthatarefor eight-connectedgridswhatManhattandistancesarefor
four-connectedgrids.

3 ReusingInf ormation fr om PreviousSearches
The graphsearchproblemscanbe solved with traditionalgraph-searchmethods,suchas
breadth-�rst search,if they updatethe shortestpathevery time someedgecostschange.
They typically donottakeadvantageof informationfrom previoussearches.Thefollowing
example,however, showsthatthiscanbeadvantageous.

Considerthe gridworlds of size B

�5CED�F

shown in Figure 1. The original gridworld is
shown ontopandthechangedgridworld is shown at thebottom.Thetraversabilityof only
a few cellshaschanged.In particular, threeblockedcellsbecametraversable(namely, B3,
C5, andD2) andthreetraversablecellsbecameblocked(namely, A1, A4, D3). Thus,two
percentof thecells changedtheir statusbut theobstacledensityremainedthesame.The
�gure showstheshortestpathsin bothcases,breakingtiestowardsthenorth.Notethatwe
assumethatonecansqueezethroughdiagonalobstacles.(This is justanartifactof how we
generatedtheunderlyinggraphsfrom themazes.)Theshortestpathchangedsinceonecell
on theoriginal shortestpathbecameblocked.

Oncethe startdistancesof all cells areknown, onecaneasily tracebacka shortestpath
from thestartcell to thegoalcell by alwaysgreedilydecreasingthestartdistance,starting
at the goal cell. This is similar to how A* tracesthe shortestpath back from ��7�9

03: to
�

-/.10324. usingthesearchtreeit hasconstructed.Thus,we only needto determinethestart
distances.Thestartdistancesareshown in eachtraversablecell of theoriginalandchanged
gridworlds.Thosecellswhosestartdistancesin thechangedgridworld havechangedfrom
thecorrespondingonesin theoriginalgridworld areshadedgray.

Therearetwo differentwaysof decreasingthesearcheffort for determiningthestartdis-
tancesfor the changedgridworld. First, somestartdistanceshave not changedandthus
neednotgetrecomputed.This is whatDynamicSWSF-FP[RR96] does.(DynamicSWSF-



OriginalEight-ConnectedGridworld
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Figure1: SimpleGridworld

FP, asoriginally stated,searchesfrom thegoalvertex to thestartvertex andthusmaintains
estimatesof the goal distancesrather than the start distances. It is a simple matterof
restatingit to searchfrom thestartvertex to thegoalvertex. Furthermore,DynamicSWSF-
FP, asoriginally stated,recomputesall goal distancesthat have changed.To avoid bias-
ing our experimentalresultsin favor of LPA*, we changedthe terminationconditionof
DynamicSWSF-FPsothat it stopsimmediatelyafter it is surethat it hasfounda shortest
path.) Second,heuristicknowledge,in form of approximationsof thegoaldistances,can
beusedto focusthesearchanddeterminethatsomestartdistancesneednot getcomputed
at all. This is whatA* [Pea85] does.We demonstratethat thetwo waysof decreasingthe
searcheffort areorthogonalby developingLPA* that combinesboth of themandthusis
ableto replanfasterthaneitherDynamicSWSF-FPor A*.

Figure2 showsin graythosecellswhosestartdistanceseachof thefour algorithmsrecom-
putes.(To beprecise:it shows in graythecells thateachof thefour algorithmsexpands.)
During the searchin the original gridworld, DynamicSWSF-FPcomputesthe samestart
distancesasbreadth-�rstsearchduring the�rst searchandLPA* computesthesamestart
distancesasA*. During thesearchin the changedgridworld, however, both incremental
search(DynamicSWSF-FP)andheuristicsearch(A*) individually decreasethenumberof
startdistancesthatneedto get recomputedcomparedto breadth-�rstsearch,andtogether
(LPA*) decreasethenumberevenmore.

4 Lifelong Planning A*

Lifelong PlanningA* (LPA*) is an incrementalversionof A* thatusesheuristics� �	��
 to
control its search.As for A*, theheuristicsapproximatethegoaldistancesof thevertices

� . They needto beconsistent,thatis, satisfy � �	�
7�9

03:	
��

�

and � ����
 $E�����,�;�
"


���� �	�
"


 for
all vertices� �5� and ��" �5���+� ���	��
 with ��� ���

7�9
0;: .

LPA* maintainsanestimate< �	��
 of thestartdistance<+=��	��
 of eachvertex � . Thesevalues
directlycorrespondto theg-valuesof anA* search.They arecarriedforwardfromsearchto
search.LPA* alsomaintainsasecondkindof estimateof thestartdistances.Therhs-values
areone-steplookaheadvaluesbasedon theg-valuesandthuspotentiallybetterinformed
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Figure2: Performanceof SearchMethodsin theSimpleGridworld

thantheg-values.They alwayssatisfythefollowing relationship:

���������	��

���

if ��
������������

�����

�� "!$#%�'&)(	*��,+

�.-%����/0�21435����/�6��	�,� otherwise. (1)

A vertex is calledlocally consistentif f its g-valueequalsits rhs-value. This is similar to
satisfyingthe Bellmanequationfor undiscounteddeterministicsequentialdecisionprob-
lems. Thus,this conceptis importantbecausetheg-valuesof all verticesequaltheir start
distancesiff all verticesarelocally consistent.However, LPA* doesnotmakeeveryvertex
locally consistent.Instead,it usestheheuristics� �	��
 to focusthesearchandupdateonly
theg-valuesthatarerelevantfor computinga shortestpathfrom �,-/.10324. to �

739
0;: .

LPA* maintainsa priority queue 7 that alwayscontainsexactly the locally inconsistent
vertices.Thesearetheverticeswhoseg-valuesLPA* potentiallyneedsto updateto make
themlocally consistent.The keys of the verticesin the priority queuecorrespondto the
f-valuesusedby A*, andLPA* alwaysexpandsthe vertex in the priority queuewith the
smallestkey, similar to A* that alwaysexpandsthe vertex in the priority queuewith the
smallestf-value.By expandingavertex, wemeanexecuting

�

10-16� (numbersin brackets
referto linenumbersin Figure3). Thekey 8 ����
 of vertex � isavectorwith two components:



Thepseudocodeusesthefollowing functionsto managethepriority queue:U.TopKey
* +

returnsthesmallestpriority of all verticesin priority queue
�

. (If
�

is empty, thenU.TopKey
* +

returns � ������� .) U.Pop
* +

deletesthe vertex with the smallestpriority in priority queue
�

andreturnsthe
vertex. U.Insert

*��
	���+

insertsvertex
�

into priority queue
�

with priority
�

. Finally, U.Remove
*��,+

removesvertex
�

from priority queue
�

.

procedureCalculateKey
* �,+




01� return � ��� �

*��	*��,+�	������ *���+.+�����*��,+

����� �

*�� * �,+�	"����� *��,+�+

� ;

procedure Initialize
* +




02�

��� ���

;



03� for all
� ! �����	��*��,+

�

� * �,+

�

� ;



04�

����� *��"!$#&%�'(#�+

��)

;



05� U.Insert
*�� !$#&%�'*# 	

�

��*�� !�#�%+'*# +

�

)

�

+

;

procedureUpdateVertex
*-,5+




06� if
*�,/.

�

� !$#&%�'(# +��
��� *�,�+

�

��� �

!

 1032

'"4$5�6-798

*��	*��

 

+��;: *��

 

	�,5+.+

;



07� if
*�,�!

�

+

U.Remove
*-,5+

;



08� if
* � *-,5+<.

�

����� *-,5+.+

U.Insert
*�,=	

CalculateKey
*-,5+.+

;

procedureComputeShortestPath
*�+




09� while
*

U.TopKey
* +?>

@

CalculateKey
*��"A"B

%
C

+

OR
���	��*��"A"B

%�C

+<.

�

� *��*A"B

%
C

+�+




10�

,

�

U.Pop
* +

;



11� if
*��	*-,5+ED ����� *-,5+.+




12�

� *-,5+

�

����� *-,5+

;



13� for all
� ! �F,3:$: *-,5+

UpdateVertex
*��,+

;



14� else



15�

� *-,5+

�

� ;



16� for all
� ! �F,3:$: *-,5+3G




,

� UpdateVertex
*��,+

;

procedureMain
* +




17� Initialize
* +

;



18� forever



19� ComputeShortestPath
*�+

;



20� Wait for changesin edgecosts;



21� for all directededges
*-,F	�H�+

with changededgecosts



22� Updatetheedgecost
: *-,F	�H�+

;



23� UpdateVertex
*�H�+

;

Figure3: Lifelong PlanningA*.
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where 8QP��	��
 �SRUT&V � < �	��
��A� ��� ����
4
 � � �	��
 and 8?W �	��
 �XRUT&V � < �	��
��A� ��� ����
4


�

1 � . Keys are
comparedaccordingto a lexicographicordering.For example,a key 8(�	��
 is smallerthan
or equalto akey 8 "/�	��
 , denotedby 8(�	��
ZY $ 8 "��	��
 , if f either 8

P
����


�

8 "

P

�	��
 or ( 8
P

����
 � 8 "

P

����


and 8[W �	��
�$ 8 "

W

�	��
 ). 8QP,�	��
 correspondsdirectly to thef-values\��	��
 ��<+=�����
 � � ����
 used
by A* becauseboth the g-valuesand rhs-valuesof LPA* correspondto the g-valuesof
A* andtheh-valuesof LPA* correspondto theh-valuesof A*. 8

W
����
 correspondsto the

g-valuesof A*. LPA* expandsverticesin the orderof increasingk P -valuesandvertices
with equalk P -valuesin orderof increasingk W -values.This is similar to A* thatexpands
verticesin theorderof increasingf-values(sincetheheuristicsareconsistent)andvertices
with equalf-valuesthat areon the samebranchof the searchtreein orderof increasing
g-values(sinceit growsthesearchtree).

A locally inconsistentvertex � is calledoverconsistentif f < �	��
^] � ��� �	��
 . WhenLPA*
expandsa locally overconsistentvertex

�

12-13� , then � �+� �	��
 � <+=,�	��
 becausevertex �

hasthesmallestkey amongall locally inconsistentvertices. � ��� ����
 � <+=,�	��
 implies that
8 ����
 �`_ \��	��
baA< =��	��
*c and thus LPA* expandsoverconsistentverticesin the sameorder
as A*. During the expansionof vertex � , LPA* setsthe g-valueof vertex � to its rhs-
valueandthusits startdistance

�

12� , which is thedesiredvalueandalsomakesthevertex
locally consistent.Its g-valuethenno longerchangesuntil LPA* terminates.A locally
inconsistentvertex � is calledunderconsistentif f <�����


�

� ��� ����
 . WhenLPA* expands
a locally underconsistentvertex

�

15-16� , thenit simply setsthe g-valueof the vertex to
in�nity

�

15� . This makesthevertex eitherlocally consistentor locally overconsistent.If
the expandedvertex waslocally overconsistent,thenthe changeof its g-valuecanaffect
the local consistency of its successors

�

13� . Similarly, if theexpandedvertex waslocally
underconsistent,thenit andits successorscanbe affected

�

16� . LPA* thereforeupdates
rhs-valuesof thesevertices,checkstheir local consistency, andaddsthemto or removes
themfrom thepriority queueaccordingly.



LPA* expandsverticesuntil � 739 0;: is locally consistentandthekey of thevertex to expand
next is no smallerthanthekey of � 7�9 0;: . This is similar to A* thatexpandsverticesuntil it
expands�87�9 03: at which point in time theg-valueof ��739 0;: equalsits startdistanceandthe
f-valueof the vertex to expandnext is no smallerthanthe f-valueof ��7�9 0;: . It turnsout
thatLPA* expandsa vertex at mosttwice,namelyat mostoncewhenit is underconsistent
andat mostoncewhenit is overconsistent.Thus,ComputeShortestPath��
 returnsafter a
numberof vertex expansionsthatis at mosttwice thenumberof vertices.

If < �	�87�9 0;: 
 � & after the search,then thereis no �nite-cost path from � - .1032A. to �87�9 0;: .
Otherwise,onecantracebacka shortestpathfrom ��-/.10324. to � 7�9 0;: by alwaysmoving from
thecurrentvertex � , startingat � 7�9 03: , to any predecessor��" thatminimizes< �	��"#
 � ������"	�;��


until � -/.10324. is reached(tiescanbebrokenarbitrarily), similar to whatA* cando if it does
notusebackpointers.

Theresultingversionof LPA* is shown in Figure3. Themain functionMain() �rst calls
Initialize() to initialize the searchproblem

�

17� . Initialize() setsthe initial g-valuesof
all verticesto in�nity andsetstheir rhs-valuesaccordingto Equation1

�

03-04� . Thus,
initially ��-/.10324. is the only locally inconsistentvertex and is insertedinto the otherwise
emptypriority queuewith akey calculatedaccordingto Equation2

�

05� . Thisinitialization
guaranteesthatthe�rst call to ComputeShortestPath()performsexactlyanA* search,that
is, expandsexactly the sameverticesasA* in exactly the sameorder, provided that A*
breaksties betweenverticeswith the samef-valuessuitably. Notice that, in an actual
implementation,Initialize() only needsto initialize a vertex whenit encountersit during
thesearchandthusdoesnotneedto initializeall verticesupfront. Thisis importantbecause
the numberof verticescanbe large andonly a few of themmight be reachedduring the
search.LPA* thenwaitsfor changesin edgecosts

�

20� . If someedgecostshavechanged,
it calls UpdateVertex()

�

23� to updatethe rhs-valuesandkeys of the verticespotentially
affectedby thechangededgecostsaswell astheirmembershipin thepriority queueif they
becomelocally consistentor inconsistent,and�nally recalculatesashortestpath

�

19� .

5 Optimizations of Lifelong Planning A*
Thereareseveralsimplewaysof optimizingLPA* without changingits overall operation.
Theresultingversionof LPA* is shown in Figure4. First,avertex sometimesgetsremoved
from thepriority queueandthenimmediatelyreinsertedwith adifferentkey. For example,
a vertex canget removedon line

�

07� andthenbe reenteredon line
�

08� . In this case,
it is oftenmoreef�cient to leave thevertex in thepriority queue,updateits key, andonly
changeits positionin thepriority queue.Second,whenUpdateVertex �	
 on line

�

13� com-
putestherhs-valuefor a successorof anoverconsistentvertex it is unnecessaryto take the
minimum over all of its respective predecessors.It is suf�cient to computethe rhs-value
astheminimumof its old rhs-valueandthesumof thenew g-valueof theoverconsistent
vertex andthecostof moving from theoverconsistentvertex to thesuccessor. Thereason
is thatonly theg-valueof theoverconsistentvertex haschanged.Sinceit decreased,it can
only decreasethe rhs-valuesof the successor. Third, whenUpdateVertex ��
 on line

�

16�

computestherhs-valuefor a successorof anunderconsistentvertex, theonly g-valuethat
haschangedis theg-valueof theunderconsistentvertex. Sinceit increased,therhs-value
of thesuccessorcanonly getaffectedif its old rhs-valuewasbasedon theold g-valueof
theunderconsistentvertex. This canbeusedto decidewhetherthesuccessorneedsto get
updatedandits rhs-valueneedsto getrecomputed

�

21' � . Fourth,thesecondandthird op-
timizationconcernedthecomputationsof therhs-valuesof thesuccessorsaftertheg-value
of a vertex haschanged.Similar optimizationscanbe madefor the computationof the
rhs-valueof avertex afterthecostof oneof its incomingedgeshaschanged.

6 Analytical and Experimental Results
We canprovethecorrectnessof ComputeShortestPath().



The pseudocodeusesthe following functionsto managethe priority queue: U.Top
*�+

returnsa vertex with the smallestpriority of all verticesin
priority queue

�

. U.TopKey
* +

returnsthesmallestpriority of all verticesin priority queue
�

. (If
�

is empty, thenU.TopKey
* +

returns � � �1��� .)
U.Insert

*��
	�� +

insertsvertex
�

into priority queue
�

with priority
�

. U.Update
* �
	$��+

changesthepriority of vertex
�

in priority queue
�

to
�

. (It
doesnothingif thecurrentpriority of vertex

�

alreadyequals
�

.) Finally, U.Remove
*��,+

removesvertex
�

from priority queue
�

.

procedureCalculateKey
* �,+




01' � return � ��� �

*��	*��,+�	������ *���+.+ ����*��,+

����� �

*�� * �,+�	������ *��,+.+

� ;

procedure Initialize
* +




02' �

� � � �

;



03' � for all
� ! � ����� *���+

�

�	*��,+

�

� ;



04' �

�
��� * � !$#�%+'*# +

� )

;



05' � U.Insert
*�� !$#�%+'*# 	

�

��*�� !�#�%+'*# +

�

)

�

+

;

procedureUpdateVertex
*-,5+




06' � if (
� *�,�+<.

�

����� *-,5+

AND
, !

�

+

U.Update
*-,F	

CalculateKey
*�,�+.+

;



07' � elseif
*��	*-,5+ .

�

�
��� *�,�+

AND
,

�

!

�

+

U.Insert
*-,=	

CalculateKey
*-,5+.+

;



08' � elseif
*��	*-,5+

�

�
��� *�,�+

AND
, !

�

+

U.Remove
*-,�+

;

procedureComputeShortestPath
*�+




09' � while
*

U.TopKey
* + >

@

CalculateKey
* � A"B

%
C

+

OR
����� *�� A"B

%
C

+ .

�

�	*�� A"B

%
C

+.+




10' �

,

�

U.Top
* +

;



11' � if
*��	*-,5+ D ����� *-,5+.+




12' �

�	*-,5+

�

�
��� *�,�+

;



13' � U.Remove
*-,5+

;



14' � for all
��!Z�=,9:(:�*-,5+




15' � if
*�� .

�

� !$#�%+'*# + ����� *��,+

�

��� �

*������ *��,+�	1� *�,�+��/:�*-,F	"�,+.+

;



16' � UpdateVertex
*��,+

;



17' � else



18' �

��B

C�5

�

�	*-,�+

;



19' �

�	*-,5+

�

� ;



20' � for all
��!Z�=,9:(:�*-,5+�G




,

�




21' � if
*����	��*��,+

�

��B

C�5

��: *-,F	"�,+

OR
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�

,�+




22' � if
* � .
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!�#�%+'*#

+	����� *��,+
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��� �

!
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	��,+.+

;



23' � UpdateVertex
*��,+

;

procedureMain
* +




24' � Initialize
*�+

;



25' � forever



26' � ComputeShortestPath
*�+

;



27' � Wait for changesin edgecosts;



28' � for all directededges
*-,F	�H�+

with changededgecosts



29' �

:
B

C�5

�

:�*-,F	�H�+

;



30' � Updatetheedgecost
:�*-,=	1H�+

;



31' � if (
:*B

C�5

D :�*-,=	1H�+

)



32' � if
*-H .

�

�
!$#&%�'*#

+ ����� *-H +

�

��� �

*����	��*-H�+�	�� *-,5+ ��:�*-,=	1H�+.+

;



33' � elseif
*������ *-H�+

�

�	*-,5+ �;:"B

C�5

+




34' � if
*-H .

�

�
!$#&%�'*#

+ ����� *-H +

�

��� �

!
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	1H�+.+

;



35' � UpdateVertex
*-H +

;

Figure4: Lifelong PlanningA* (optimizedversion)

Theorem1 ComputeShortestPath() terminatesand one can then trace back a shortestpath from
���������'� to �

���'��� by alwaysmoving fromthecurrent vertex � , startingat �
���'��� , to anypredecessor� /

thatminimizes-%���

/

�21435���

/

6��	� until �
��������� is reached(tiescanbebrokenarbitrarily).

(The proofs can be found in [LK01].) We now comparebreadth-�rst search,A*,
DynamicSWSF-FP, and the optimized version of LPA* experimentally. (We use
DynamicSWSF-FPwith thesameoptimizationsthatwe developedfor LPA*, to avoid bi-
asingourexperimentalresultsin favor of LPA*.) Thepriority queuesof all four algorithms
wereimplementedasbinaryheaps.Sinceall algorithmsdeterminethesamepaths(if they
breakties suitably),we needto comparetheir total searchtime until a shortestpathhas
beenfound.Sincetheactualruntimesareimplementation-dependent,we insteadusethree
measuresthatall correspondto commonoperationsperformedby thealgorithmsandthus
heavily in�uence their runtimes:thetotalnumberof vertex expansions� � (thatis, updates
of theg-values,similar to backupoperationsof dynamicprogrammingfor sequentialde-
cision problems),the total numberof vertex accesses�
	 (for example,to reador change
their values),andthetotal numberof heappercolates��� (exchangesof a parentandchild
in theheap).Note thatwe counttwo vertex expansions,not just onevertex expansion,if
LPA* expandsthesamevertex twice, to avoid biasingour experimentalresultsin favor of
LPA*.

All of our experimentsuse�fty eight-connectedgridworldsthathave size 


��C




�

andan



obstacledensityof 40 percent.The startcell is at coordinates(34, 20) andthe goal cell
is at coordinates(5, 20), wherethe upperleftmostcell is at coordinates(0, 0). For each
gridworld, theinitial obstaclecon�gurationwasgeneratedrandomly. Then,it waschanged
500timesin a row, eachtime by makingeight randomlychosenblockedcells traversable
andeight randomlychosentraversablecellsblocked. Thus,eachtime onepercentof the
cells changedtheir statusbut the obstacledensityremainedthe same. After eachof the
500changes,thealgorithmsrecomputeda shortestpathfrom thestartcell to thegoalcell.
For eachof thefour algorithmsandeachof thethreeperformancemeasures,thefollowing
tablereportsthemeanof theperformancemeasurefor the500changes:both its average
over the�fty mazesandits 95-percentcon�denceinterval over the�fty mazes(assuminga
normaldistribution with unknown variance).Thetablecon�rms theobservationsmadein
Section3: LPA* outperformstheotherthreesearchmethodsaccordingto all threeperfor-
mancemeasures.

uninformedsearch heuristicsearch
completesearch breadth-®rstsearch A*

ve = 1331.7 � 4.4 ve = 284.0 � 5.9
va = 26207.2 � 84.0 va = 6177.3 � 129.3
hp= 5985.3 � 19.7 hp= 1697.3 � 39.9

incrementalsearch DynamicSWSF-FP Lifelong PlanningA*
ve = 173.0 � 4.9 ve = 25.6 � 2.0
va = 5697.4 � 167.0 va = 1235.9 � 75.0
hp= 956.2 � 26.6 hp= 240.1 � 16.9

We have alsoappliedLPA* successfullyto morecomplex planningtasks,including the
kind of routeplanningtasksthatFocussedDynamicA* [Ste95] appliesto. Theresultswill
bereportedseparately.
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