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ABSTRACT

Charactersn real-time computergamesneedto move smoothly
andthusneedto searchin realtime. In this paper we describea
simplebut powerful way of speedingup repeated\* searchesvith
thesamegoalstatesnamelyby updatingthe heuristicshetweem*
searchesWe thenusethis techniqueto develop a novel real-time
heuristicsearchmethod,called Real-Time Adaptive A*, whichis
ableto chooséits local searchspacesn a ne-grainedway. It up-
dateghevaluesof all statedn its local searctspacesandcando so
very quickly. Our experimentalresultsfor charactersn real-time
computergamesthat needto move to given goal coordinatesin
unknown terraindemonstratehat this propertyallows Real-Time
Adaptive A* to follow trajectoriesof smallercostfor giventime
limits persearctepisodahanarecentlyproposedeal-timeheuris-
tic searchmethod[5] thatis moredif cult toimplement.

Categoriesand Subject Descriptors
1.2 [Arti cial Intelligence]: ProblemSolving, Control Methods,
andSearch—Graphand TreeSeach Stratggies

General Terms
Algorithms

Keywords

A*; AgentPlanning;D* Lite; GamesHeuristicSearchjncremen-
tal Search;PerceptionAction and Planningin Agents; Planning
with the Freespacé&ssumption;Real-Time DecisionMaking

1. INTRODUCTION

Agentsneedo usedifferentsearchmethodghantheoff-line search
methodsoften studiedin arti cial intelligence.Charactersn real-
time computergames,for example, needto move smoothlyand
thusneedto searchin realtime. Real-timeheuristicsearchmeth-
ods nd only the beginning of a trajectoryfrom the currentstate
of an agentto a goal state[9, 4]. They restrictthe searchto a
small part of the statespacethat canbe reachedrom the current
statewith asmallnumberof actionexecutionglocal searchspace).
The agentdeterminedhe local searchspace searchedt, decides
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howv to move within it, and executesone or more actionsalong
theresultingtrajectory Theagentthenrepeatghis procesauntil it
reaches goalstate.Real-timeheuristicsearchmethodghusdonot
planall theway to a goal statewhich oftenresultsin smallertotal
searchimesbut largertrajectorycosts.Mostimportantly real-time
heuristicsearchmethodscansatisfyhardreal-timerequirementin
largestatespacesincethesizesof theirlocal searctspaceg= their
lookaheadskre independenbf the sizesof the statespacesand
canthusremainsmall. To focusthe searchand prevent cycling,
they associaténeuristicswith the statesand updatethembetween
searcheswhich accountdor a large chunkof the searchtime per
searchepisodeln this paperwe describeReal-Time Adaptive A%,
a novel real-timeheuristicsearchmethod. It is a contractarytime
method[12] thatis ableto chooséts local searchspacesn avery
ne-grained way, updatesthe heuristicsof all statesin the local
searchspaceandis ableto dosovery quickly. Ourexperimentate-
sultsfor goal-directechavigationtasksin unknavn terraindemon-
stratethat Real-Time Adaptive A* follows trajectoriesof smaller
costfor giventime limits per searchepisodethana recentlypro-
posedreal-timeheuristicsearchmethod[5] becausét updateshe
heuristicsmore quickly, which allows it to uselargerlocal search
spacesndovercompensatfor its slightly lessinformedheuristics.
At thesametime, Real-Time Adaptive A* is easietto implement.

2. MAIN IDEA

Our main ideais simple but powerful. Assumethat one hasto

performseveral A* searchesvith consistenteuristicsin the same
statespaceandwith thesamegoalstatesout possiblydifferentstart
states Adaptive A* malesthe heuristicanmoreinformedaftereach
A* searchin orderto speedup future A* searcheswWe now explain

themainideabehindAdaptive A*.

A* [3] isanalgorithmfor nding cost-minimalpathsin statespaces
(graphs). For every states, the usersuppliesa heuristich[s] that
estimateshegoaldistanceof thestate(= thecostof acost-minimal
pathfrom the stateto a goal state). The heuristicsneedto be con-
sistent[10]. For every states encounteredluring the search A*
maintaingwo values:the smallestcostg[s] of ary discoveredpath
from the startstates, to states (whichis initially in nity), andan
estimate [s] := g[s] + h[s] of thedistancdrom the startstatesc,,
via states to agoalstate.A* thenoperatessfollows: It maintains
apriority queue calledopenlist, which initially containsonly the
startstates.,,. A* removesa states with a smallestf-valuefrom
the priority queue.If states is a goal state,it terminates.Other
wise, it expandsthe state,meaningthatit updateshe g-value of
eachsuccessostateof the stateand theninsertsthosesuccessor
statesinto the openlist whoseg-value decreasedlt thenrepeats
the processAfter termination the g-valueof every expandedstate



s is equalto thedistancefrom the startstates,, to states.

We now explain how one canmake the heuristicsmoreinformed
aftereachA* searchin orderto speedup future A* searchesAs-

sumethats is a statethatwasexpandedduringsuchanA* search.
We canobtainanadmissiblg= non-oserestimatingestimateof its

goaldistancegd[s] asfollows: Thedistancdrom thestartstatesc,,

to ary goal statevia states is equalto the distancefrom the start
states., to states plusthe goaldistancegd[s] of states. It clearly
cannot be smallerthanthe goal distancegd[s...] of the startstate
Sarr- Thus,the goaldistancegd[s] of states is no smallerthanthe

goal distancegd|[s...] of the startstates,,, (= the f-valuef [s] of

the goalstates thatwasaboutto be expandedvhenthe A* search
terminates)ninusthe distancefrom the startstates,, to states (=

theg-valueg([s] of states whenthe A* searchterminates).

gls] + gd[s] gd[Scur]
gd(s] gd[sc]  d[S]
gd(s] fls] dls]

Consequentlyf [s]  g[s] providesan admissibleestimateof the
goaldistancegd[s] of states andcanbe calculatedquickly. More
informed heuristicscan be obtainedby calculatingand assigning
this differenceto every statethat was expandedduring the A*
searchandthusis in theclosedlist whenthe A* searchterminates.
(The statedn the openlist arenot updatedsincethe distancefrom
thestartstateto thesestatescanbesmallerthantheirg-valuesvhen
the A* searchterminates.)We evaluatedthis ideaexperimentally
in [7]. We now useit to develop a novel real-timeheuristicsearch
method,called Real-Time Adaptive A* (RTAA*), which reduces
to the casediscussedboveif its lookaheads in nity .

3. NOTATION

We usethe following notationto describesearchtasks:S denotes
the nite setof statess... 2 S denoteghestartstateof thesearch,
andGOAL S denoteghe setof goal states.A(s) denoteshe
nite setof actionsthatcanbeexecutedn states 2 S. c[s; a] >
(for agivenconstant > 0) denoteghe costof executingaction
a 2 A(s) in states 2 S, whereassucgs;a) 2 S denoteshe
resultingsuccessostate. The action costsc canincreaseduring
the searchbut we requirethe goal distancef all stateso remain
boundedrom above by someconstant.

4. REAL-TIME ADAPTIVE A*

Figure 1 shows the pseudocodeof RTAA*. The legendexplains
the constantsyariables,andfunctionsthat we will referto in the
following. The variablesannotatedvith [USER] have to be ini-
tialized before RTAA* is called. s, needsto be setto the start
stateof the agent,c to the initial action costs,andh to the ini-
tial heuristics,which needto be consistentfor the initial action
costs,thatis, needto satisfy h[s] = 0 for all goal statess and
h[s] h[sucgs;a)] + c[s;a] for all non-goalstatess andactions
a thatcanbeexecutedn them[10]. Variablesannotatedvith [A*]
areupdatedduring the call to astar()f 03g (= line 3 in the pseudo
code),which performsa (forward) A* searchguidedby the cur
rent heuristicsfrom the currentstateof the agenttoward the goal
statesuntil a goal stateis aboutto be expandedor lookahead> 0
stateshave beenexpanded. After the A* searchwe requires to
bethe statethatwasaboutto be expandedvhenthe A* searcher-
minated. We denotethis statewith s consistentlythroughoutthis
paper We requirethats = FAILUREIf the A* searchterminated

constantsand functions

S setof statesof the searchtask,a setof states

GOAL setof goalstatesa setof states

A() setsof actions asetof actionsfor every state

sucq ) successofunction,a statefor every state-actiorpair
variables

lookahead numberof statedo expandat most,anintegerlargerthanzero
movements numberof actionsto executeat most,anintegerlargerthanzero
Scurr currentstateof theagenta statefUSER]

c currentactioncosts,a oat for every state-actiompair [USER]
h current(consistentheuristicsa oat for every stateflUSER]

g g-valuesa oat for every state[A*]

CLOSED closedlist of A* (= all expandedstates)a setof statedA*]

s statethat A* wasaboutto expandwhenit terminateda state[A*]

procedurgealtimeadaptve_astaf):

f 01g while (scurr 62GOAL) do

f02g lookahead:= ary desiredntegergreatetthanzero;

f03g astaf);

f04g if s = FAILUREthen

f05g returnFAILURE

fo6g foralls 2 CLOSEDdo

f07g  h[s] := g[s]+ h[s] gls];

f 08y movements= ary desiredntegergreaterthanzero;

f09g while (Scur 8 S AND movements> 0) do

f10g a := theactionin A (Scur) onthecost-minimakrajectoryfrom scy to's;
f1lg Scurr := SUCEScurr @),

f12g ~movements= movements 1;

f13g for ary desirechumberof times(includingzero)do

f 149 increaseary desiredc[s; a] wheres 2 S anda 2 A(s);

f15g if ary increased[s; a] is onthecost-minimaltrajectoryfrom scy to s then
f 169 break;

f 179 returnSUCCESS

Figure 1: Real-Time Adaptive A*

dueto anemptyopenlist, in which casethereis no nite-cost tra-
jectory from the currentstateto ary goal stateand RTAA* thus
returnsfailuref 059. We requireCLOSEDto containthe statesex-
pandedduringthe A* searchandtheg-valueg[s] to bede ned for
all generatedtatess, includingall expandedstates.We de ne the
f-valuesf [s] := g[s] + h[s] for thesestatess. Theexpandedstates
s form the local searchspace,and RTAA* updatestheir heuris-
tics by settingh[s] := f[s] g[s] = g[s] + h[s] g[s] f06-07.
(The heuristicsof the otherstatesare not changed.)RTAA* then
executesactionsalong the trajectoryfound by the A* searchun-
til states is reachedor, equivalently, a stateis reachedhatwas
not expandedor, alsoequivalently, the local searchspaceis left),
movements> 0 actionshave beenexecuted,or the costof anac-
tion onthetrajectoryincrease$ 09-16y. It thenrepeatgheprocess
until it reaches goalstate in which caseit returnssuccess$ 17g.

Thevaluesof lookaheadandmovementsleterminghe behaior of
RTAA*. For example,RTAA* performsa single A* searchfrom
thestartstateto agoalstateandthenmovestheagentalongthetra-
jectoryfoundby the A* searctto thegoalstateif it alwayschooses
in nity for lookaheacandmovementsandno actioncostsincrease.

We now prove severalimportantpropertieof RTAA* thathold no
matterhow it choosests valuesof lookaheadandmovementsWe
malke useof the following known propertiesof A* searchesvith
consistenteuristics: First, they expandevery stateat mostonce.
Secondthe g-valuesof every expandedstateandstates areequal
to the distancefrom the start stateto states and states, respec-
tively. Thus,oneknows cost-minimalrajectoryfrom thestartstate
to all expandedstatesand states. Third, the f-valuesof the se-
riesof expandedstatesovertime aremonotonicallynondecreasing.
Thus,f [s] f [s] for all expandedstatess andf [s]  f [s] for all
generatedtatess thatremainedunexpanded.



THEOREM 1. The heuristicsof the samestate are monotoni-
cally nondeceasingover time and thus indeedbecomemotre in-
formedovertime

Proof: Assumethatthe heuristicof states is updatednline f 07g.
Then, states was expandedand it thus holds that f [s] f [s].
Consequentlyh[s] = f[s] g[s] f[s] g[s] = g[s]+ h[s]
g[s] andthe updatecannotdecreas¢he heuristicof states sinceit
changesheheuristicfrom h(s] tog[s] + h[s] g[s]. =

THEOREM 2. Theheuristicsremainconsistent.

Proof: We prove this propertyby inductionon the numberof A*
searchesTheinitial heuristicsare provided by the userandcon-
sistent.It thusholdsthath[s] = O for all goal statess. This con-
tinuesto hold sincegoal statesare not expandedandtheir heuris-
tics thus not updated. (Even if RTAA* updatedthe heuristic of
states, it would leave the h-value of that stateunchangedsince
fIs] g[s] = g[s]+ h[s] g[s] = h[s]. Thus,the heuristicsof
goal statesvould remainzeroevenin thatcase.)lt alsoholdsthat
h[s] h[sucgs;a)] + c[s; a] for all non-goalstatess andactions
a thatcanbe executedn them. Assumethatsomeactioncostsin-
creaseon linesf 13-14y. Let c denotethe actioncostsbeforeall
increasesand c” denotethe action costsafter all increases Then,
h[s] h[sucds;a)] + c[s;a] h[sucds;a)] + cJs;a] andthe
heuristicsthusremainconsistent.Now assumehatthe heuristics
areupdatednlinesf 06-07. Let h denotethe heuristicsbeforeall
updatesand h® denotethe heuristicsafter all updates.We distin-
guishthreecases:

First, both s and sucqs; a) were expanded which implies
thath9s] = g[s] + h[s] g[s] andh9sucgs;a)] = g[s] +
h[s] g[sucds;a)]. Also, g[sucgs;a)] gls] + c[s;a]
sincethe A* searchdiscoversa trajectoryfrom the current
statevia states to statesucqs; a) of costg[s]+ c[s; a] during
the expansiorof states. Thus,h"s] = g[s] + h[s] g[s]
gls]+ h[s] glsucgs; a)]+ c[s;a] = h%sucds; a)] + c[s; al.

Seconds wasexpandedbut sucgs; a) wasnot, which im-
pliesthath9s] = g[s] + h[s] g[s] andh%sucds;a)] =
h[sucgs; a)]. Also, g[sucgs;a)] gls] + c[s; a] for the
samereasonasin the rst case,andf [s] f [sucgs; a)]
sincestatesucds; a) wasgeneratedbut notexpandedThus,
h%s] = gls]+ h[s] g[s]= f[s] g[s] f[sucgs;a)]
g[s] = g[sucgs;a)]+ h[sucgs;a)] g[s] = g[sucgs;a)]+
h9sucgs;a)] g[s]  g[sucds;a)] + h%sucds;a)]
g[sucds;a)] + c[s;a] = hYsucds;a)] + c[s;a].

Third, s was not expanded,which implies that h9s] =
h[s]. Also, h[sucgs;a)]  h9sucgs;a)] sincethe heuris-
tics of the samestatearemonotonicallynondecreasingver
time. Thus, h9s] = hi[s] h[sucds; a)] + c[s;a]
h9%sucds; a)] + c[s;a].

Thus,h9s]  h9sucds;a)] + c[s;a] in all threecasesandthe
heuristicghusremainconsistent. m

THEOREM 3. Theagentreadesa goal state

Proof: Assumehattheheuristicaareupdatednlinesf 06-074. Let
h denotethe heuristicsof RTAA* beforeall updatesandh® denote
the heuristicsafterall updatesThe heuristicsof the samestateare
monotonicallynondecreasingver time, accordingto Theoreml.
Assumethatthe agentmovesfrom its currentstates to somestate
s? (with s 6 s% alonga cost-minimaltrajectoryfrom states to
states. It holdsthaths] = f[s] g[s] = f[s] sincestates is
the startof the searchandits g-valueis thuszeroandsinceit was
expandedandits heuristicwasthusupdated Furthermoreit holds
thath%s’ = f[s] g[sY sinceeitherstates® wasexpandedand
its heuristicwasthusupdatecor s° = s andthenh9s"] = h9s] =
his] = f[s] g[s] = f[s] g[sY. Thus,afterthe agentmoved
from states to states’ andits currentstatethuschangedrom state
s to states®, the heuristicof the currentstatedecreasetly h9s]
h9s% = f[s] (f[s] g[s%) = g[sY andthesumof theheuristics
of all stateshut its currentstatethusincreasedy g[s”, which is
boundedfrom belav by a positive constantsinces & s° andwe
assumedhatall actioncostsareboundedrom below by a positive
constantThus,thesumof theheuristicsof all statesut thecurrent
stateof theagentncreasesvertime beyondary boundif theagent
doesnotreachagoalstate.At the sametime, the heuristicsremain
consistentaccordingto Theorem2 (sinceconsistenheuristicsare
admissible),and are thus no larger thanthe goal distanceswvhich
we assumedo be boundedirom above, which is a contradiction.
Thus,theagentis guaranteedo reachagoalstate. m

THEOREM 4. If theagentis resetinto the start statewheneer
it reachesa goal statethenthe numberof timesthatit doesnotfol-
low a cost-minimatrajectoryfromthe start stateto a goal stateis
boundedromabovebya constanif thecostincreasesare bounded
frombelowby a positiveconstant.

Proof: Assumefor now thatthe costincreasedeave the goal dis-
tancesof all statesunchanged.Underthis assumptionjt is easy
to seethat the agentfollows a cost-minimaltrajectory from the
start stateto a goal stateif it follows a trajectoryfrom the start
stateto a goal statewherethe h-value of every stateis equalto
its goal distance. If the agentdoesnot follow sucha trajectory
thenit transitionsat leastoncefrom a states whoseh-valueis not
equalto its goal distanceto a states® whoseh-valueis equalto
its goal distancesinceit reachesa goal stateaccordingto Theo-
rem 3 and the h-value of the goal stateis zero sincethe heuris-
ticsremainconsistenaccordingto Theorem2. We now prove that
the h-value of states is thensetto its goal distance. When the
agentexecutessomeactiona 2 A(S) in states and transitions
to states’, then states is a parentof states’ in the A* search
tree producedduring the last call of astar()andit thusholdsthat
(1) states was expandedduring the last call of astar(), (2) ei-

ther states’ was also expandedduring the last call of astar()or
= s, (3)g[s’ = g[s] + c[s;a]. Let h denotethe heuristicsbe-
foreall updatesindh® denotetheheuristicsafterall updatesThen,
h9s] = f[s] g[s]andh9s? = f[s] g[s’ = gd[s". Thelast
equalityholdsbecauseve assumedhatthe h-valueof states’ was
equalto its goal distanceand thus can no longer changesinceit

could only increaseaccordingto Theoreml but would thenmake
the heuristicanadmissibleandthusinconsistentwhichis impossi-
ble accordingio Theorem2. Consequentlyhs] = f[s] g[s] =

gd[s? + g[s7 gls] = gd[s°] + c[s;a]  gd[s], proving that
h9s] = gd[s] sincea larger h-valuewould make the heuristicsin-

admissibleandthusinconsistentyhichis impossibleaccordingto

Theorem2. Thus,the h-value of states is indeedsetto its goal



distance After the h-valueof states is setto its goal distancethe
h-valuecanno longerchangesinceit could only increaseaccord-
ing to Theorem1 but would then make the heuristicsinadmissi-
ble and thus inconsistentwhich is impossibleaccordingto The-
orem2. Sincethe numberof statesis nite, it canhappenonly
a boundednumberof timesthat the h-value of a stateis setto its
goal distance. Thus, the numberof timesthat the agentdoesnot
follow a cost-minimaltrajectoryfrom the startstateto a goal state
is bounded. The theoremthenfollows sincethe numberof times
that a costincreasedoesnot leave the goal distancesf all states
unchangeds boundedsincewe assumedhatthe costincreasesire
boundedirom belowv by a positive constantout the goal distances
areboundedfrom above. After eachsuchchange the numberof
timesthattheagentdoesnotfollow a cost-minimaltrajectoryfrom
the startstateto a goalstateis bounded. m

5. RELATIONSHIP TO LRTA*

RTAA* is similar to a versionof LearningReal-Time A* recently
proposedn [5], an extensionof the original LearningReal-Time
A* algorithm [9] to larger lookaheads. For simplicity, we refer
to this particularversionof Learning Real-Time A* as LRTA*.
RTAA* andLRTA* differ only in how they updatethe heuristics
afteranA* searchLRTA* replacegheheuristicof eachexpanded
statewith the sum of the distancefrom the stateto a generated
but unexpandecstates andthe heuristicof states, minimizedover
all generatedbut unexpandedstatess. (The heuristicsof the other
statesare not changed.)Let h® denotethe heuristicsafter all up-
dates.Then,the heuristicsof LRTA* afterthe updatessatisfythe
following systemof equationdor all expandedstatess:

h9s] = Jmin_(cls;al + hsucgs; a)])

The propertiesof LRTA* are similar to the onesof RTAA*. For
example,its heuristicsfor the samestatearemonotonicallynonde-
creasingover time andremainconsistentandthe agentreachesa
goal state.We now prove thatLRTA* andRTAA* behae exactly
the sameif theirlookaheads oneandthey breaktiesin the same
way. They canbehae differently for larger lookaheadsand we
give aninformal agumentwhy the heuristicsof LRTA* tendto be
moreinformedthanthe onesof RTAA* with thesameookaheads.
Ontheotherhand,it takesLRTA* moretime to updatethe heuris-
tics andit is moredif cult to implementfor thefollowing reason:
LRTA* performsone searchto determinethe local searchspace
anda secondsearchto determinehow to updatethe heuristicsof
the statesn thelocal searchspacesinceit is unableto usethere-
sultsof the rst searchor this purposeasexplainedin [5]. Thus,
thereis atrade-of betweerthetotal searchtime andthe costof the
resultingtrajectory andwe needto compareboth searchmethods
experimentallyto understandhis trade-of better

THEOREM 5. RTAA* with lookaheadonebehavesxactlylike
LRTA* with the samelookaheadf they breaktiesin the sameway.

Proof: We shaw the propertyby inductionon the numberof A*
searchesTheheuristicof bothsearchmethodsareinitialized with
theheuristicgprovided by theuserandarethusidenticalbeforethe
rst A* search. Now considerary A* search. The A* searches
of both searchmethodsareidenticalif they breaktiesin the same
way. Lets bethestatethatwasaboutto beexpandedvhentheir A*
searcheserminated.Let h denotethe heuristicsof RTAA* before

all updatesand h® denotethe heuristicsafter all updates. Simi-
larly, let h denotethe heuristicsof LRTA* beforeall updatesand
h° denotethe heuristicsafterall updates Assumethath[s] = hJ[s]
for all statess. We shaw thaths] = hYs] for all statess. Both
searchmethodsexpandonly the currentstates of the agentand
thus updateonly the heuristicof this one state. Sinces 6 s, it
holdsthath%s] = g[s] + h[s] g[s] = g[s] + h[s] andh9s] =
Minaz a (s)(c[s; a] + h9%sucds;a)]) = Minaz a (s) (g[sucgs; a)] +
hqsucgs;a)]) = mina,a(s)(glsucds;a)] + h[sucgs;a))) =
gls]+ h[s] = g[s]+ h[s]. Thus,bothsearchmethodssettheheuris-
tic of the currentstateto the samevalueandthenmove to states.
Noticethatlookahead= 1 implieswithoutlossof generalitythat
movements= 1. Consequentlthey behae exactlythesame. m

We now give aninformal agumentwhy the heuristicsof LRTA*
with lookaheadsargerthanonetendto be moreinformedthanthe
onesof RTAA* with the samelookahead(if bothreal-timeheuris-
tic searchmethodsusethe samevalue of movementys Thisis not
a proof but givessomeinsightinto the behaior of the two search
methods. Assumethat both searchmethodsarein the samestate
and breakties in the sameway. Let h denotethe heuristicsof
RTAA* beforeall updatesandh® denotethe heuristicsafterall up-
dates. Similarly, let h denotethe heuristicsof LRTA* beforeall
updatesandh® denotethe heuristicsafterall updates Assumethat
h[s] = h[s] for all statess. We now provethath9s] h9s] for all
statess. The A* searche®f both searchmethodsareidenticalif
they breaktiesin thesameway. Thus,they expandthe samestates
and thus also updatethe heuristicsof the samestates. We now
shaw thatthe heuristicsh® cannotbe consistentf h%s] > h9s] for
atleastonestates. Assumethath?s] > h9s] for atleastonestate
s. Pick astates with thesmalleshs] for whichh9s] > h9s] and
pick anactiona with a = argmina; a (s)(c[s; a] + h9sucds; a)].
States musthave beenexpandedsinceh[s] = h[s] but h9s] >
h9s]. Then,it holdsthath%s] = c[s;a] + h9sucgs;a)]. Since
h9s] = c[s;a] + h9sucds;a)] > hYsuccs;a)] andstates is a
statewith the smallesths] for whichh%s] > h9s], it mustbethe
casethathsucds;a)] hYsucds;a)]. Puttogetherit holdsthat
h9s] > h9s] = c[s;a] + h%sucds;a)] c[s;a]+ h%sucds;a)].
This meanghatthe heuristicsh® areinconsistenbut we have ear
lier proved alreadythatthey remainconsistentwhich is a contra-
diction. Consequentlyit holdsthath%s]  hYs] for all statess.
Notice thatthis proof doesnotimply thatthe heuristicsof LRTA*
alwaysdominatethe onesof RTAA* sincethe searchmethodscan
move the agentto differentstatesandthenupdatethe heuristicsof
differentstates but it suggestdhat the heuristicsof LRTA* with
lookaheadsargerthanonetendto be moreinformedthantheones
of RTAA* with the samelookaheadsndthusthatthetrajectories
of LRTA* tendto beof smallercostthanthetrajectoriesof RTAA*
with the samelookaheadgif bothreal-timeheuristicsearchmeth-
odsusethe samevalueof movements

In the remainderof the paper we assumehat the agentsalways
choosethe sameconstantfor lookahead which is an externalpa-
rameter and always usein nity for movementsboth for LRTA*
andRTAA*,

6. APPLICATION

Real-timeheuristicsearchmethodsare often usedasalternatve to
traditionalsearchmethoddor solvingof ine searchtasks[9]. We,
however, applyRTAA* to goal-directedhavigationin unknavn ter-
rain, a searchtask that requiresagentsto executeactionsin real
time. Charactersn real-time computergames,for example, of-



Figure 2: Total Annihilation

tendo notknow theterrainin advancebut automaticallyobsere it
within a certainrangearoundthemandthenremembeit for future
use. Figure 2 shovs an example. To make theseagentseasyto
control,theuserscanclick on somepositionin known or unknovn
terrainandthe agentshenmove autonomouslyo this position. If
the agentsobsene during executionthattheir currenttrajectoryis
blocked, thenthey needto searchfor anotherplan. The searches
needto befastsincethe agentseedto move smoothlyevenif the
processors slow, theothergamecomponentsisemostof theavail-
ableprocessocyclesandtherearealargenumberof agentghatall
haveto searchrepeatedlyThus,thereis atimelimit perA* search,
which suggestshatreal-timeheuristicsearchmethodsarea good
t for ournavigationtasks.To applythem,we discretizetheterrain
into cellsthatareeitherblocked or unblocked,a commonpractice
in thecontet of real-timecomputegameg1]. Theagentsnitially
do not know which cells are blocked but use a navigation strat-
egy from robotics[8]: They assumehatcellsareunblocledunless
they have the cells alreadyobsenred to be blocked (freespaceas-
sumption).They alwaysknow which (unblocled)cellsthey arein,
obsere the blockagestatusof their four neighboringcells, raise
the action costsof actionsthat enterthe newly obsered blocked
cells,if any, from oneto in nity , andthenmove to ary oneof the
unblocled neighboringcells with costone. We thereforeusethe
Manhattandistancesas consistentheuristic estimatesof the goal
distancesThetaskof the agentss to move to the givengoal cell,
which we assumeo bepossible.

7. ILLUSTRATION

Figure3 shawvs a simplegoal-directechavigationtaskin unknavn

terrain that we useto illustrate the behaior of RTAA*. Black
squaresare blocked. All cells have their initial heuristicin the
lower left corner We rst compareRTAA* with lookaheadn nity

to LRTA* with the samelookaheachndforward A* searchesAll

searchmethodsstarta new searchepisode(= run anothersearch)
whenthe costof anactionon their currenttrajectoryincreasesnd
breakties betweencells with the samef-valuesin favor of cells
with largerg-valuesandremainingtiesin thefollowing order from

highestto lowest priority: right, down, left and up. We do this
sincewe believe that systematiaatherthan randomtie-breaking
helpsthereaderdo understandhe behaior of thedifferentsearch
methodsbettersinceall searchmethodsthenfollow the sametra-
jectories.Figures4, 5, and6 shov theagentasa smallblackcircle.

8 7 6 5 4
7 6
6 5
5 4
4 3

Figure 3: Example
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7 6 5 4 3 7 6| 5 4 3
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6 (5] [4 [3 |2 6 |5 3 |2
3 8(2|6 6 8|7|8]l2 7|1 5 7 967
5 |4 2 |1 5 |4 2 1
2 6/1[4][0g2 sys|[8 7|2 5|38 5 Y7
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Figure 4: Forward A* Searches
2 9[3 9[4 9|5 9
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Figure5: RTAA* with lookahead= 1
2 9[3 9[4 9|5 9
8 |7 |6 |[5 |4 8 |7 |6 |5 |4
4 10(5 10/6 10[7 1002 9f1 7|2 7|3 7|4 7
7 |6 |5 |4 |3 7 |6[6]5 5|4 4(3|3
4103 84 8|5 8|6 sff1 7/ogs 4 7057
6 |5[/5[4 4[3 3[2]|2]]6 8|5"7 3 |2|2
3 8(2|6 6 8|7 |8]]|2 9[1 7 7 9l6|7
5 7|4|6 2 j1|1]]7 |6 8 2 J1|1
2 6/1[4[0g2 8y8 2 9 7y7
4 8|3 7[278 0 8 |7 |8 0

Figure6: LRTA* with lookahead= 1

The arrowvs shaw the plannedtrajectoriesfrom the currentcell of
the agentto the goalcell, which is in the lower right corner Cells
that the agenthasalreadyobsered to be blocked are black. All
othercells have their heuristicin the lower left corner Generated
cellshave their g-valuein the upperleft cornerandtheir f-valuein
the upperright corner Expandedcells aregrey and,for RTAA*
andLRTA*, havetheir updatecheuristicsn thelowerright corner
which malesit easyfor thereadergdo comparehemto the heuris-
tics beforethe updatein the lower left corner Notice thatforward
A* searchesRTAA* with lookaheadn nity andLRTA* with the
samelookaheadollow the sametrajectoriesif they breaktiesin
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Figure 7: RTAA* with lookahead= 4

the sameway. They differ only in the numberof cell expansions,
whichis largerfor forward A* searche$23) thanfor RTAA* (20)

andlargerfor RTAA* (20)thanfor LRTA* (19). The rst property
is dueto RTAA* andLRTA* updatingthe heuristicswhile forward

A* searchedonot. Thus,forwardA* searche&all prey tothelocal

minimumin the heuristicvalue surfaceandthusexpandthe three
leftmostcellsin the lowestrow a secondtime, while RTAA* and
LRTA* avoid thesecell expansions. The secondpropertyis due
to someupdatecheuristicsof LRTA* beinglargerthanthe onesof

RTAA*. Notice, however, that mostupdatedheuristicsareidenti-

cal, althoughthis is not guaranteedn general. We alsocompare
RTAA* with lookaheadfour to RTAA* with lookaheadin nity .

Figures5 and7 show thatdecreasinghe lookaheadf RTAA* in-

creaseshetrajectorycost(from 10to 12) but decreasethenumber
of cell expansiongfrom 20to 17) becausesmallerlookahead$m-

ply thatlessinformationis usedduring eachsearchepisode.(No-

tice thatthelastsearchepisodeof RTAA* with lookaheadour ex-

pandsonly one cell sincethe goal cell is aboutto be expanded
next.) We now performsystemati@xperimentgo seewhetherthey

con rm thetrendsshavn in our examples.

8. EXPERIMENT AL RESULTS

We now run experimentsto compare RTAA* to forward A*
searcheand LRTA*, asin the previous section. All threesearch
methodssearchforward. We alsocompareRTAA* to two search
methodgshatsearchbackward, namelybackward A* searchesnd
D* Lite [6] (anincrementalersionof backward A* searcheshat
is similar to but simplerthanD* [11]), which is possiblebecause

Figure 8: TestTerrain: Mazes

thereis only onegoalcell* All searchmethodsusebinary heaps
aspriority queuesandnow breakties betweercellswith the same
f-valuesin favor of cellswith largerg-values(whichis knowvnto be
agoodtie-breakingstratgy) andremainingtiesrandomly

We perform experimentson a SUN PC with a 2.4 GHz AMD
Opteron Processorl50 in randomly generatedfour-connected
mazesof size1l51 151 thataresolvable. Their corridor struc-
ture is generatedvith depth- rst search. The startandgoal cells
arechoserrandomly Figure8 shavs an example(of smallersize
thanusedin the experiments).We usethe Manhattardistancess
heuristics. The performanceneasuref Tablel areaveragecover
the same2500grids. We shav the standardeviation of the mean
for threekey performancemeasuresn squarebracletsto demon-
stratethe statisticalsigni cance of our results,namelythe total
numberof cell expansionsandthe total searchtime on one hand
andthe resultingtrajectorycoston the otherhand. We rst verify
the propertiesuggestedh the previoussections:

RTAA* with lookaheadn nity , LRTA* with thesamdooka-
head D* Lite andforwardandbackward A* searche$ollow
the sametrajectoriesf they breaktiesin the sameway and
their trajectorycostsare indeedapproximatelyequal. (The
slightdifferencesaredueto remainingtiesbeingbrokenran-
domly) The total numberof cell expansionsand the total
searchtime areindeedlarger for forward A* searcheshan
RTAA*, andlargerfor RTAA* thanLRTA*, assuggestedh
“lllustration””

Decreasinghe lookaheadof RTAA* indeedincreasegshe
trajectorycostbut initially decreasethetotal numberof cell
expansionsand the total searchtime, as suggestedn “II-

INotice that the total numberof cell expansionsand total search
time of forward A* searchearesigni cantly smallerthantheones
of backward A* searchesThe big impactof the searchdirection
canbeexplainedasfollows: Theagentbseresblockedcellsclose
to itself. Thus,the blocked cellsarecloseto the startof the search
in the early phase®f forward A* searchegdhyut closeto the goal of
thesearchn theearlyphase®f backward A* searchesThecloser
the blocked cells areto the startof the searchthe morecellsthere
arefor which the Manhattandistancesare perfectlyinformedand
thusthe fasterA* searchesrethat breakties betweencells with
the samef-valuesin favor of cells with larger g-valuessincethey
expandonly statesalong a cost-minimaltrajectoryfrom cells for
which the Manhattandistancesre perfectlyinformedto the goal
of thesearch.
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Table 1: Experimentsin Mazes

(a) = lookahead= boundon the numberof cell expansionger searchepisode)(b) = total numberof cell expansionguntil the agentreacheghe goal cell) [in squarebraclets:
standarddeviation of the mean],(c) = total numberof searchepisodequntil the agentreacheghe goal cell), (d) = trajectorycost (= total numberof actionexecutionsuntil the
agentreacheshe goal cell) [in squarebraclets: standarddeviation of the mean],(e) = numberof action executionsper searchepisode (f) = total searchtime (until the agent
reacheghe goal cell) in microsecondgin squarebraclets: standarddeviation of the mean], (g) = searchtime per searchepisodein microseconds(h) = searchtime per ac-

h[s] averagedverall searctepisodesindexpandectellss

@ (b) © | ©) | @ | (M) L @ |t [ @
Real-Time Adaptive A* (RTAA*)
1 248537.79 [5454.11] | 248537.79| 248537.79[5454.11] | 1.00 48692.17 [947.08] 0.20 0.20 | 1.00
9 104228.97 [2196.69] | 11583.50| 56707.84[1248.70] | 4.90 23290.36 [360.77] 2.01 0.41 | 2.40
17 85866.45 [1701.83] 5061.92 33852.77 [774.35] | 6.69 22100.20 [301.99] 4.37 0.65 | 3.10
25 89257.66 [1593.02] 3594.51 26338.21 [590.00] | 7.33 24662.64 [310.42] 6.86 0.94 | 3.30
33 96839.84 [1675.46] 2975.65 22021.81 [521.77] | 7.40 27994.45 [350.79] 9.41 1.27 | 3.28
41 105702.99 [1699.20] 2639.59 | 18628.66 [435.06] | 7.06 31647.50 [382.30] 11.99 1.70 | 3.08
49 117035.65 [1806.59] 2473.55| 16638.27 [390.09] | 6.73 35757.69 [428.17] 14.46 2.15 | 2.90
57 128560.04 [1939.38] 2365.94 15366.63 [361.95] | 6.49 39809.02 [477.72] 16.83 259 | 2.79
65 138640.02 [2019.98] 2270.38 14003.74 [314.38] | 6.17 43472.99 [517.36] 19.15 3.10 | 2.63
73 150254.51 [2176.68] 2224.29 13399.01 [309.72] | 6.02 47410.44 [567.88] 21.31 3.54 | 257
81 160087.23 [2269.20] 2172.94| 12283.65 [270.03] | 5.65 50932.60 [608.94] 23.44 4.15 | 2.39
89 172166.56 [2436.73] 2162.75 12078.40 [261.16] | 5.58 54874.88 [663.96] 25.37 454 | 2.37
1 642823.02[20021.00] 1815.92 5731.20 [81.72] | 3.16 226351.59 [7310.53] | 124.65 39.49 | 4.22
Learning Real-Time A* (LRTA*)
1 248537.79 [5454.11] | 248537.79| 248537.79[5454.11] | 1.00 67252.19 [1354.67] 0.27 0.27 | 1.00
9 87613.37 [1865.31] 9737.38| 47290.61[1065.07] | 4.86 27286.14 [437.09] 2.80 0.58 | 2.93
17 79312.59 [1540.44] 4676.76 | 30470.32 [698.08] | 6.52 29230.15 [409.96] 6.25 0.96 | 3.61
25 82850.86 [1495.61] 3338.86 | 23270.38 [551.75] | 6.97 34159.80 [450.49] 10.23 1.47 | 3.74
33 92907.75 [1548.37] 2858.19 20015.55 [472.86] | 7.00 40900.68 [516.47] 14.31 204 | 3.71
41 102787.86 [1619.33] 2570.83 17274.12 [403.65] | 6.72 47559.60 [587.96] 18.50 275 | 3.54
49 113139.63 [1716.88] 2396.66 | 15398.47 [360.45] | 6.42 54324.06 [665.02] 22.67 3.53 | 3.38
57 125013.41 [1829.10] 2307.68 | 14285.14 [328.39] | 6.19 61590.97 [744.33] 26.69 431 | 3.25
65 133863.67 [1956.49] 2201.60 | 13048.50 [300.69] | 5.93 67482.95 [829.44] 30.65 5.17 | 3.12
73 146549.69 [2080.76] 2181.76 12457.92 [277.60] | 5.71 74868.92 [909.31] 34.32 6.01 | 3.02
81 157475.45 [2209.65] 2150.04 | 11924.96 [262.61] | 5.55 81469.32 [989.84] 37.89 6.83 | 2.95
89 166040.29 [2355.33] 2102.91 11324.72 [246.94] | 5.39 86883.98 [1077.54] 41.32 7.67 | 2.88
1 348072.76 [7021.57] 1791.19 5611.09 [80.43] | 3.13 | 203645.42 [3782.37] | 113.69 | 36.29 | 8.20
D* Lite
- 47458.83 [581.03] | 1776.24| 5637.46 [77.03] | 3.17 | 37291.83 [378.20] | 20.99 | 6.62 | -
Forward A* Search
— || 1857468.4868324.90] | 1732.07| 5354.26 [76.91] | 3.09 | 544065.45[21565.61] | 314.11| 101.61| -
Backward A* Search
- 5245087.82[93697.15” 1795.72| 5535.05 [77.09] | 3.08 | 1698163.04[31051.10] | 945.67 | 306.80 | -

L
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Figure 9: Performance of Real-Time Adaptive A*

tal numberof cell expansionsandthe total searchtime are
proportional asexpected.)

RTAA* with lookaheads$argerthanoneandsmallerthanin-
nity indeedincreaseghe heuristicslessthan LRTA* with
the samelookaheadper update assuggestedn “Relation-
shipto LRTA*.” Consequentlyits trajectorycostsandtotal
numberof cell expansionsarelargerthantheonesof LRTA*
with thesamdookaheadsHowever, it updategheheuristics
muchfasterthanLRTA* with thesamdookaheadsiesulting
in smallertotal searchtimes.

RTAA* with lookaheadneandLRTA* with thesamdooka-
headfollow the sametrajectoriesandupdatethe samestates
if they breaktiesin the sameway andtheir trajectorycosts
and total numberof cell expansionsare indeed approxi-
matelyequal,assuggestedh “Relationshipto LRTA*.”

Oneadwantageof RTAA* is thatits total planningtime with acare-
fully choserlookaheads smallerthanthatof all othersearchmeth-

lustration” Increasingthe trajectory costincreaseghe to-
tal numberof searchepisodes.If the lookaheads already
small and continuesto decreasethen eventually the speed
with which the total numberof searchepisodesincreases
is larger than the speedwith which the lookaheadand the
time persearchepisodedecreasesothatthe numberof cell
expansionsandthe total searchtime increaseagain, asthe
graphsin Figure9 shawv. (The graphalsoshaws thattheto-

ods, althoughits trajectory coststhen are not the smallestones.
This is importantfor applicationswhereplanningis slow but ac-
tionscanbe executedfast. However, theadvantageof RTAA* over
theothersearchmethoddor our particularapplicationis adifferent
one:Remembethatthereis atime limit persearchepisodesothat
thecharactersnove smoothly If thistime limit is largerthan20.99
microsecondsthenoneshoulduseD* Lite for the searchbecause
the resultingtrajectorycostsare smallerthanthe onesof all other



searchmethodswhosesearchime per searchepisodes no larger
than20.99. (The table shaws that the trajectorycostsof forward
A* searcharesmallerbut, asarguedbefore,this differenceis due
to noise.)However, if thetime limit is smallerthan20.99microsec-
onds,thenonehasto usea real-timeheuristicssearchmethod. In
this casepneshoulduseRTAA* ratherthanLRTA*. Assume for
example,thatthetime limit is 20.00microsecondsThenonecan
useeitherRTAA* with alookaheadf 67, resultingin atrajectory
costof 13657.31or LRTA* with alookaheadf 43, resultingin a
trajectorycostof 16814.49.Thus,thetrajectorycostof LRTA* is
about23 percenthigherthanthe oneof RTAA*, which meanghat
RTAA* improvesthe stateof the artin real-timeheuristicsearch.
A similar agumentholdsif the searchtime is amortizedover the
numberof actionexecutionsjn which casethereis atime limit per
actionexecution.If thistimelimit is largerthan6.62microseconds,
thenone shoulduseD* Lite for the searchbecausehe resulting
trajectorycostsaresmallerthanthe onesof all othersearchmeth-
odswhosesearchtime peractionexecutionis no largerthan6.62.
However, if thetime limit is smallerthan6.62microsecondsthen
onehasto usea real-timeheuristicssearchmethod. In this case,
oneshoulduseRTAA* ratherthanLRTA*. Assume for example,
thatthe time limit is 4.00 microsecondsThenone canuseeither
RTAA* with a lookaheadof 79, resultingin a trajectory cost of
12699.990r LRTA* with alookaheadf 53, resultingin atrajec-
tory costof 14427.80.Thus,thetrajectorycostof LRTA* is about
13 percenthigherthanthe oneof RTAA*, which again meanghat
RTAA* improvesthestateof theartin real-timeheuristicsearch.

9. CONCLUSIONS

In thispaperwe developedReal-Time Adaptve A* (RTAA*). This
real-timeheuristicsearchmethodis ableto chooséts local search
spacesn a ne-grainedway. It updateshe valuesof all statesin
its local searchspacesand can do so very quickly. Our experi-
mentalresultsfor goal-directednavigation tasksin unknavn ter-
rain demonstratethatthis propertyallows RTAA* to move to the
goal with smallertotal searchtimesthana variety of testedalter
native searchmethods.Furthermorewe shaved that RTAA* fol-
lows trajectoriesof smallercostfor given time limits per search
episodethanarecentlyproposedeal-timeheuristicsearchmethod
becauset updateghe heuristicsmore quickly, which allows it to
uselarger local searchspacesand overcompensatéor its slightly
lessinformedheuristics.It is futurework to extend RTAA* to in-
consistenheuristicscomparet to real-timeheuristicsearchmeth-
odsbesides RTA* andcombinetheideabehindRTAA* with other
ideasof enhancingeal-timeheuristicsearchmethodsfor example,
theonesdescribedn [2] and[4]. In particular it would beinterest-
ing to studya hierarchicalersionof RTAA*.
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