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Abstract

Although researders have studied which factors in u-
encethe behavior of traditional seard algorithms, cur-
rently not much is known about how domain proper-
ties in uence the performance of real-time seard algo-
rithms. In this paper we demonstrate, both theoreti-
cally and experimentally, that Eulerian state spaces(a
superset of undirected state spaces)are very easy for
someexisting real-time seard algorithms to solve: even
real-time seard algorithms that can be intractable, in
general, are e cien t for Eulerian state spaces.Because
traditional real-time seard testbeds (such as the eight
puzzle and gridworlds) are Eulerian, they cannot be
usedto distinguish betweene cien t and ine cien t real-
time seard algorithms. It follows that one hasto use
non-Eulerian domains to demonstrate the general supe-
riorit y of a given algorithm. To this end, we presert two
classesof hard-to-search state spacesand demonstrate
the performance of various real-time searcd algorithms
on them.

Intro duction

Real-time heuristic seard algorithms interleave seard
with action executionby limiting the amourt of deliber-
ation performedbetweenactions. (Korf 1990)and (Korf
1993) demonstrated the power of real-time seard algo-
rithms, which often outperform more traditional seard
techniques. Empirical results for real-time seard algo-
rithms have typically been reported for domains sud
as

sliding tile puzzles(such asthe 8-puzzle) (Korf 1987,
1988;1990;Russell& Wefald 1991;Knight 1993;Korf
1993; Ishida 1995) and

gridworlds (Korf 1990; Ishida & Korf 1991; Ishida
1992; Penmberton & Korf 1992; Pirzadeh & Sny-
der 1990; Thrun 1992; Matsubara & Ishida 1994;
Stentz 1995; Ishida 1995).

Sudh test domains permit comparisonsbetween seard
algorithms. It is therefore important that the perfor-
mance of real-time seard algorithms in test domains
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be represerativ e of their performancein the domains
of interest: test domains should either re ect the prop-
erties of the domains that one is interested in or, at
least, be represenativ e of a wide range of domains. To
this end, one hasto understand how properties of state
spacesa ect the performance of real-time seard algo-
rithms.

Although researdiershave studied which factorsin u-
encethe performance of traditional seard algorithms,
such asA*, (Pearl 1985),not much is known about real-
time seart algorithms. We investigate two classesof
state spaces:a state spaceis consideredeasyto seart
(Type 1) if no real-time seard algorithm has a signi -
cant performanceadvantage over other (reasonable)al-
gorithms, otherwise the state spaceis hard to seard
(Type 2). Our analysis of sewral uninformed real-time
seard algorithms with minimal lookahead that solve
suboptimal seard problems shows that Eulerian state
spaces(eac state has an equal number of actions that
leave and enter the state) are all Type 1 { ewven real-
time seard algorithms that are ine cien t, in general,
can perform well in Eulerian state spaces. Since slid-
ing tile puzzlesand gridworlds are typically Eulerian,
these domains are not appropriate for demonstrating
how well real-time seard algorithms perform, in gen-
eral (note that the Eulerian property has no e ect on
the performance of traditional seard algorithms). To
remedy this, we propose two classesof non-Eulerian
testbeds(\reset" and \quic ksand" state spaces}hat are
of Type 2 and, thus, hard to seard. Our empirical re-
sults on these testbeds demonstrate that they clearly
distinguish e cien t and ine cien t real-time seard al-
gorithms.

Real-Time Search Algorithms

We use the following notation to describe state spaces
formally: S denotesthe nite set of states of the state
space,G with ; 6 G S the non-empty set of goal
states, and sgiar t 2 S the start state. A(s) is the -

nite set of actions that can be executedin s 2 S, and
sucds;a) denotesthe successorstate that results from
the executionof a2 A(s) in s 2 S. The sizeof the state
spaceis n := jSj, and the total nun]per of state-action
pairs (loosely called actions) ise:= ., g jA(S)j. gd(s)



denotesthe goal distance of s 2 S (measuredin action
executions).

There exist state spacesin which all of our real-time
seard algorithms can get trappedin a part of the state
spacethat does not contain a goal state. To exclude
these state spaceswe assumethat the state spacesare
strongly connected. In this paper, for purposesof clar-
ity, we also assumethat e n? (an extremely realistic
assumption), sincethis allows us to state all complexity
results in terms of n only.

We study suboptimal seart { the task that real-time
seard algorithms can perform very well. Suboptimal
seardhy means looking for any path (i.e., sequenceof
actions) from the start state to a goal state. In real-
time seard, the seard time is (roughly) proportional
to the length of the solution path. Thus, we use the
path length to evaluate the performance of real-time
seard algorithms. When we refer to the complexity of
a real-time seard algorithm, we mean an upper bound
on the total number of actions that it executesuntil
it reachesa goal state, in big-O notation. This bound
must hold for all possibletopologiesof state spacesof a
given size, start and goal states, and tie breaking rules
among indistinguishable actions.

To make meaningful comparisons, we study algo-
rithms that make similar assumptionsand restrict our
attention to uninformed real-time seard algorithms
with minimal lookahead and greedy action selection?
Such algorithms maintain information in the form of
integer values, V (s;a), which are assaiated with ev-
ery state-action pair (s;a). An additional integer value
is maintained acrossaction executionsin the variable
memory. The semartics of thesevaluesdepend on the
speci ¢ real-time seard algorithm used, but all values
are zero-initialized, re ecting that the algorithms are
initially uninformed. At no point in time can these
values contain much information, since the algorithms
must be able to decidequickly which actionsto execute,
and their decisionsare basedon these values. This re-
quirement prevents the algorithms, for example, from
encaling signi cant portions of the state spacein these
values.

The algorithms that we considerall t the skeleton
shown in Figure 1. They consistof a termination check-
ing step (line 2), an action selectionstep (line 3), avalue
update step (line 4), and an action execution step (line

1A note of caution: While this restriction is conveniert
for studying properties of state spaces,it would be unfair to
compare real-time seard algorithms with ead other solely
on the basis of our study, sincesomealgorithms are better in
incorporating initial knowledge of the state spaceor allowing
for larger lookaheads. We relax some of these assumptions
in the perultimate section of the paper, where we discuss
real-time seard algorithms with larger lookaheads.

The real-time search algorithm starts in state Sstar t-
memor y = Oand V(s;a) = Ofor all s2 S and a2 A(s).

Initially ,

1. s:= the current state.
2. If s2 G, then stop successfully .

3. Choose an a from A(s) possibly using memor y and V (s;a® for
a2 A(s).

4. Update memor y and V (s; a) possibly using memor vy, V (s; a), and
V (succ (s; a); a% for a®2 A(succ(s; a)).

5. Execute action a, i.e. change the current state to succ(s; a).

6. Go to 1.

Figure 1: Skeleton of the studied algorithms

5). First, they chedk whether they have already reached
a goal state and thus can terminate successfully(line 2).
If not, they decideon the action to executenext (line 3).
For this decision, they can consult the value stored in
their memory and the valuesV (s; a) assiated with the
actions in their current state s. Then, they update the
value of this action and their memory, possibly also us-
ing the valuesassaiated with the actions in their new
state (line 4). Finally, they executethe selectedaction
(line 5) and iterate this procedure (line 6).

Theoretical Analysis

We rst study the complexity of real-time seard al-
gorithms over all state spaces. In this case, one can
freely choosethe state spacethat maximizesthe num-
ber of action executionsof a given real-time seard al-
gorithm from all state spaceswith the same number
of states. Later, we restrict the possible choicesand
study the seardy complexity over a subsetof all state
spaces. In both cases,we are interested in the com-
plexity of e cien t and ine cien t real-time seard algo-
rithms. The smaller the di erence in the two complexi-
ties, the stronger the indication that seard problemsin
such domains are of Type 1. (All proofs can be found
in (Koenig & Simmons1996b).)

General State Spaces

In this section, we introduce a particular seard algo-
rithm (min-LRTA*) and compareits complexity in gen-
eral state spacesto the most e cien t and lesse cien t
real-time seard algorithms.

LRTA*T ype Search Korf's Learning Real-Time
A* (LRTA*) algorithm (Korf 1990) is probably the
most popular real-time seard algorithm (Ishida 1995;
Knight 1993;Koenig & Simmons1995). The versionwe
use here is closely related to Q-learning, a widely-used
reinforcemert learning method, see(Ko enig& Simmons
1996a). We call it LRTA* with minimalistic lookahead



(min-LRTAY¥), becausethe seard horizon of its action
selectionstep is even smaller than that of LRTA* with
lookahead one. (We analyze Korf's original version of
LRTA* with lookahead one in the section on \Larger
Lookaheads.")

The following table preserts the action selectionstep
(line 3) and value update step (line 4) of min-LRTA*.
We use two operators with the following semarics:
Given a set X, one-ofX returns one elemern of X ac-
cording to an arbitrary rule. argminy,x f (x) returns
the setfx 2 X : f(x) = minyox f (x90.

Min-LR TA*
line 3 | a:= one-of arg min 0,4 (s V (s; a°)
line 4 | V(s;a):= 1+ min 40 o (succ (s:a ) V (SUCC(S; a); a?%

The action selection step selectsthe state-action pair
with the smallest value. The value update step re-
placesV (s;a) with the more accurate lookahead value
1+ minaOZA(succ(s;a)) V (sucd(s; a); ao)-

Min-LR TA* always reachesa goal state with a nite
number of action executions. The following complexity
result was proved in (Koenig & Simmons1996a).

Theorem 1 Min-LR TA*
0O(n®) action executions.

has a tight complexity of

Ecien t Search Algorithms No real-time seard
algorithm that ts our framework (Figure 1) can dis-
tinguish between actions that have not beenexecuted,
sinceit doesnot look at the successoistates of its cur-
rent state when choosing actions (and initially all ac-
tions have the samevalue). This implies the following
lower bound on their complexity, which follows from a
result in (Koenig & Simmons1996a).

Theorem 2 The complexity of every real-time search
algorithm that ts our real-time search skeletonis at
least O(n®) action exeutions.

Thus, no real-time seard algorithm can beat min-
LRTA*, sincenone can have a complexity smaller than
O(n3).

An Inecien t Search Algorithm Particularly bad
seard algorithms are onesthat do not remenber were
they have already seardhied. Random walks are exam-
ples of such seard algorithms. We can easily derive
a real-time seard algorithm that sharesmany prop-
erties with random walks, but has nite complexity {
basically, by \removing the randomness"from random
walks.

Edge Counting
a = one-of arg min ;0 o sy V (S; @)
V(s;a) = 1+ V(s;a)

line 3
line 4

Random walks executeall actions in a state equally of-
ten in the long run. The action selection step of edge
courting always choosesthe action that has been exe-
cuted the leastnumber of times. This achievesthe same

start state goal state

Figure 2: A resetstate space

start state goal state

Figure 3: A quicksand state space

result asrandom walks, but in a deterministic way. One
particular tie breakingrule, for example,is to executeall
actionsin turn. Shannonusedthis algorithm asearly as
in the late 1940'sto implement an exploration behavior
for an electronic mousethat seardhed a maze (Suther-
land 1969). To the best of our knowledge, however, its
relationship to random walks has never been pointed
out, nor hasits complexity beenanalyzed.

In (Koenig & Simmons 1996b), we prove that edge
courting always reachesa goal state with a nite num-
ber of action executions, but its complexity can be ex-
ponertial in the size of the state space.

Theorem 3 The complexity of edgecounting is at least
exmpnential in n.

To demonstrate this, we presen two classesof state
spacedor which edgecounting needsa number of action
executionsin the worst casethat is exponertial in n.
Theseare Type 2 spacessince,by Theorem 1, in these
domains min-LRTA* needsonly a polynomial number
of action executions.

Reset State Spaces: A reset state spaceis onein
which all states (but the start state) have an action
that leadsback to the start state (in general,the prob-
lem occursif the \reset" actionsare beyond the seard
horizon of the algorithm). For the resetstate spacein
Figure 2, edgecourting executes3 2" 2 2 actions
before it reaches the goal state (for n 2) if ties
are broken in favor of successorstates with smaller
numbers.

Quic ksand State Spaces: In every state of a quick-
sandstate space there are more actionsthat movethe
agert away from the goal than move it towards it.
Quicksand state spacesdi er from reset state spaces
in the e ort that is necessaryto recover from mis-
takes: It is possibleto recover in only one step in
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Figure 4: Racetradk domain

quicksand state spaces.Nevertheless,quicksand state
spacescan be hard to seard. For the quicksand state
spacein Figure 3, edgecourting executes2"**  3n 1
actions before it reachesthe goal state (for n 1)
if ties are broken in favor of successorstates with
smaller numbers.

Undirected and Eulerian State Spaces

In this section, we considerthe complexity of real-time
seard algorithms in both undirected and Eulerian state
spacesand show that they are all of Type 1.2

De nition 1 A state space is Eulerian i jA(S)] =
ff(s%a% :s°2 s a2 A(s9) ~ sucas®ad = sgj for all
s 2 S, i.e. there are as many actions that leave a state
as there are actions that enter the (same) state.

Since an undirected edgeis equivalernt to oneincom-
ing and one outgoing edge, all undirected state spaces
are Eulerian. Many domains typically usedto test Al
seard algorithms are undirected (and thus Eulerian).
Examples include sliding tile puzzles and gridworlds,
where spaceis discretizedinto squaresand movemert is
restricted to immediately adjacert squares. There also
exist domains that are Eulerian, but not undirected,
for example racetrack domains (Gardner 1973). They
correspond to gridworlds, but are a bit more realistic
robot navigation domains (Figure 4). A state of the
state spaceis characterized not only by the X-Y square
that the robot occupies, but also by its speedin both
the X andY directions. Actions correspond to adjusting
both X and Y speedcomponerts by -1, 0, or 1 (within
bounds). Given an action (speed change) the successor
state is determined by computing the new speed com-
ponerts and determining the location of the robot by
adding ead speed componert to its corresponding lo-
cation componert. Racetradk domains are Eulerian ex-

2Eulerian state spacescorrespond to directed Euler(ian)
graphs asde ned by the Swissmathematician Leonhard Eu-
ler when he consideredwhether the seven Konigsberg bridges
could be traversedwithout recrossingany of them (Newman
1953).

this part of the state space is totally connected
[ 1

s o)

start state goal state

Figure 5: An undirected state space

cept around obstaclesor at boundaries. In particular,

an obstaclefreeracetrack domain on atorus is truly Eu-
lerian. Racetrack domains have beenusedas testbeds
for real-time seard algorithms by (Barto, Bradtke, &

Singh 1995).

We now show that Eulerian state spacesare easier
to seard with real-time seard algorithms than state
spacesin general, but undirected state spacesdo not
simplify the seard any further.

LRTA*T ype Search The complexity of min-
LRTA* does not decreasein undirected or Eulerian
state spaces.

Theorem 4 Min-LRTA* has a tight complexity of
0O(n?) action executions in undirected or Eulerian state
spaces.

Figure 5 showvs an exampleof an undirected (and thus
Eulerian) state spacefor which min-LRTA* needsat
least O(n?) action executionsin the worst casein order
to reach the goal state { it executes(n®+6n? 3n 4)=16
actions beforeit reachesthe goal state (for n 1 with
nmod 4 = 1) if ties are broken in favor of successor
stateswith smaller numbers (Ko enig & Simmons1992).

An Ecien t Search Algorithm For Eulerian state
spacesreal-time seard algorithms do exist with lower
complexity. One example, called BETA® (\Building a
Eulerian Tour" Algorithm), informally acts as follows:
\T ake unexplorededgesvhenever possible. If all actions
in the current state have been executed at least once,
retrace the closedwalk of unexplored edgesjust com-
pleted, stopping at nodesthat have unexplored edges,
and apply this algorithm recursively from ead sud
node." This algorithm is similar to depth-rst seard,
with the following di erence: Since chronological back-

3The exact origin of the algorithm is unclear. (Deng &
Papadimitriou 1990) and (Korach, Kutten, & Moran 1990)
stated it explicitly asa seard algorithm, but it hasbeenused
earlier as part of proofs about Eulerian tours (Hierholzer
1873).



tracking is not always possiblein directed graphs,BETA
repeats its rst actions when it gets stuck instead of
badktracking its latest actions.

BETA ts our real-time seard skeletonif weinterpret
ead integer value V(s;a) as a triple: the rst compo-
nent of the triple (the \cycle number") corresponds to
the level of recursion. The secondcomponert courts the
number of times the action has already been executed,
and the third component rememnbers when the action
was executed rst (using a counter that is incremerted
after every action execution). The variable memory is
alsotreated asaftriple: its rst two componerts remem-
ber the rst two componerts of the previously executed
action and its third componert is the courter. All val-
uesare initialized to (0; 0; 0).

BET A
line 3 | a =
one-of arg min 40, % V (s; a%[3]
where
X = arg max 0,y V(s; a%[1]
and
Y = arg min 40, 5 (s) V (s: a%[2]

line 4 | if V(s,a)[2] = 0 then
V(s,a)[3] := memory[3]+1
if memory[2] = 1 then
V(s,a)[1] := memory[l]
else then
V(s,a)[1] := memory[1l]+1
V(s,a)[2] = V(sa)[2] + 1
memory[1] := V(s,a)[1]
memory[2] = V(s,a)[2]
memory[3] = memory[3] + 1

BETA always reachesa goal state with a nite num-
ber of action executionsand, moreover, executesevery
action at most twice. The following theorem follows.

Theorem 5 BETA hasa tight complexity of O(n?) ac-
tion executions in undirected or Eulerian state spaces.

Furthermore, no real-time seard algorithm that ts our
real-time seart skeleton can do better in Eulerian or
undirected state spacesin the worst case (Koenig &
Smirnov 1996).

An Inecien t Search Algorithm Although edge-
courting is exponertial, in general,its worst-casecom-
plexity decreasesin undirected and Eulerian state
spaces.

Theorem 6 Edge counting has a tight complexity of
0O(n?) action executions in undirected or Eulerian state
spaces.

To be precise: We can provethat the complexity of edge
courting istight at e gd(Sstar t) 9d(Sstar t)? action exe-
cutions in undirected or Eulerian state spaces.Figure 5
shows an example of an undirected (and thus Eulerian)

state spacefor which edgecourting needsat least O(n?®)
action executionsin the worst casein order to reac the
goal state { it executese gd(Sstart) 9d(Sstar t)? =

(n®+ n? 5n+ 3)=8 actions beforeit reachesthe goal

(Ol =(0)

start state goal state

Figure 6: A linear state space

I in Eulerian state spaces:
In general: in undirected state spaces
no smlaner
complexit
pcs':'swbley difference in complexity
BETA ~—T—0(n?)7 of the studied efPcient
no smaller and inefbcient real-time
b>\( . . search algorithms in
possible min-LRTA* and Eulerian or undirected
edge counting state spaces

min-LRTA* o(n)

difference in complexity

of the studied efpcient

and inefPcient real-time

search algorithms over
all state spaces

complexity increases

edge counting at least exponential in n

Figure 7: Diagram of worst-caseperformanceresults

state (for odd n 1) if ties are broken in favor of suc-
cessorstates with smaller numbers.

Edge counting can have a better worst-case perfor-
mancefor a given seard problem than min-LRTA*. An
example is showvn in Figure 6. Min-LRTA* executes
n? 3n+ 4actionsin this undirected state spacebefore
it reachesthe goal state (for n  3) if ties are broken
in favor of successostateswith smaller numbersexcept
for the rst action executionin which the tie is broken
in the opposite way. On the other hand, we have shown
that edgecourting is guaranteed not to needmore than
e 0gd(Sstart) 9d(Sstart)?> = 4n 8 action executions
in order to reach a goal state, which beats min-LRTA*

forn > 4. ) . .
Summary  When comparing the complexity of min-

LRTA* with the complexities of e cien t and ine cien t
real-time seard algorithms, we derived the following
results (Figure 7). In general,no real-time seard algo-
rithm can beat the complexity of min-LRTA*, which is
a small polynomial in n. In contrast, the determinis-
tic real-time seard algorithm (edge courting) that we
derived from random walks has a complexity that is at
least exponertial in n. The picture changesin Eulerian
state spaces.The complexity of edgecourting decreases
dramatically and equalsthe complexity of min-LRTA*,
which remains unchanged(it even beats min-LRTA* in
certain speci ¢ domains). In addition, there exists a
dedicated real-time seard algorithm for Eulerian state
spaces(BET A) that hasa smaller complexity. All com-
plexities remain the samein undirected state spaces,a
subsetof Eulerian state spaces.
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Figure 8: A simple blocksworld problem
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stack size =1 stack size = 2
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Figure 10: Domain 2

Exp erimen tal Analysis

Although the theoretical analysesprovide worst-case
performance guarantees,they do not necessarilyre ect
average case performance. To show that the average-
caseperformance follows a similar trend, we ran trials
in two blocksworld domains, in which the start state
consistsof a set of x indistinguishable blocks on a ta-
ble, and the goal state hasall the blocks stadked on top
of one another on a platform (Figure 8). Domain 1 has
four operators: \pic kup block from table," \put block
on stadk," \pic kup block from stack,” and \put block
on table." A block picked up from the table is always
followed by a \put on stack,” and a block picked up
from the stack is always subsequetly placedon the ta-
ble. Domain 1 is Eulerian (Figure 9). Domain 2 hasthe
sametwo pickup operators and the same\put block on
stack" operator, but the \put block on table" opera-
tor (which always follows a \pic kup block from stad"
operator) knocks down the whole stack onto the table.

20000 T T T
edge counting (Domain 2) [1] —
min-LRTA* (Domain 2) [2] ----
edge counting (Domain 1) [3] ----- b

min-LRTA* (Domain 1) [4]
BETA (Domain 1) [5] --~

18000 [
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10000

action executions
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_
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2000

20 25 30
number of blocks

Figure 11: Performanceresults (blocksworld problem)

Domain 2 is a reset state space(Figure 10).

The experiments show that the relationship of the
average-caseperformancesare similar to those in the
worst case. Figure 11 showvs how many actions the real-
time seard algorithms executein the two blocksworld
domains. Note that the seard algorithms are unin-
formed { in particular, they initially have no knowl-
edgethat putting blocks on the stack is the best way
to achieve the goal state. The horizontal axis shows
the size of the state space(measured by the number
of blocks) and the vertical axis measuresthe number
of actions executed until a goal state is reached from
the start state. We averagedthis over 5000 runs with
randomly brokenties.

Every algorithm doesbetter in Domain 1 than in Do-
main 2. Edge counting quickly becomesintractable in
Domain 2. With 50 blocks, for example, edge count-
ing needsabout 1:7 10* (estimated) action execu-
tions, on average,in order to reac the goal state and
thus performs about 250 billion times worse than min-
LRTA*. On the other hand, all algorithms do quite well
in Domain 1. With 50 blocks, for example, min-LRTA*
performs 2.2 times worse than BETA and edge count-
ing performs only 8.7 times worse. Thus, the interval
spannedby the average-caseomplexity of e cien t and
ine cien t real-time seard algorithms is much smaller
in Domain 1 than in Domain 2. This dierence is to
be expected, since Domain 1 is Eulerian (and thus of
Type1l), whereasDomain 2 resenblesa resetstate space
of Type 2.

If we changethe start state in both domains so that
all but four blocks are already stacked initially , then
both domains become easierto solve. However, the
performance relationships in Domain 2 remain simi-



lar, whereasthe performancerelationships in Domain 1
changedramatically. With 50 blocks, for example, min-
LRTA* now performs 1.3 times worsethan BETA, but
edge courting performs 3.8 times better than BETA.
Thus, for this seard problem in a Eulerian state space,
edge-couning (a real-time seard algorithm that can
be intractable) outperforms min-LRTA* (a real-time
seard algorithm that is always e cien t).

Larger Lookaheads

Someof our results also transfer to real-time seard al-
gorithms with larger lookaheads. In the following, we
discussnode counting, a variant of edgecourting, and
the original 1-step LRTA* algorithm, a variant of min-
LRTA*. Both algorithms have beenusedin the litera-
ture and have a larger lookaheadthan their relatives.

Node counting diers from edgecourting in that it
looks at the successorstates of its current state when
choosing actions.

complexity analysisfor node counting in undirected or
Eulerian state spaces,variations of node courting have
beenusedindependertly in (Pirzadeh & Snyder 1990)
and (Thrun 1992)for exploring unknown gridworlds, in
both caseswith great success.Our experiments con rm

theseresults. In one experiment, we compared node
courting and 1-step LRTA* on an empty gridworld of
size 50 times 50. We averagedtheir run-times (mea-
suredin action executionsneededto get from the start
state to the upper left square)over 25000runs with ran-
domly broken ties. The same25000randomly selected
start states were used in both cases. Node counting

needed,on average,2874action executionsto reac the
goal state, comparedto 2830action executionsneeded
by 1-stepLRTA*. Out of the 25000runs, node courting

outperformed 1-step LRTA* 12345times, was beaten
12621times, and tied 34 times. Nearly similar results
were obtained in experiments with the eight-puzzle {

the averageperformanceof both algorithms was nearly
identical, and eat beat the other about the samenum-

Node Qounting
line 3 | a:= one-of arg min 50, A (s) 2002 A (succ (sia O) V (succ(s; a%); a
line 4 | V(s;a):= 1+ V(s;a)

The action selection step always executesthe action
that leadsto the successorstate that has been visited
the least number of times. Note that, in an actual im-
plemenrtation, one would mai'a,tain only one value V (s)
for eath state s with V(s) = = ;5 V(s;a). Initially ,
V(s)= Oforall s2 S.

Node Counting
a = one-of arg min 40, 5 (5) V (sSucc (s; a”%)
V(s):= 1+ V(s)

Korf's original LRTA* algorithm with lookaheadone
(1-step LRTA*) is similar to node-courting in that it
looks at the successorstates of its current state when
choosingactions, but it hasa di erent value update step
(line 4).

line 3
line 4

1-Step LRTA*

line 3 | a:= one-of argmin o0, 5 (s) V (succ(s; a%)

line 4 | V(s):= 1+ V(succ(s;a))
Korf showved that 1-step LRTA* always reachesa goal
state with a nite number of action executions. (Ko enig
& Simmons1995)shawvedthat its complexity is tight at
n? n and remains tight at O(n?) for undirected or
Eulerian state spaces.

We can show that node counting is similar to edge
courting in that there are state spacedor which its com-
plexity is at least exponertial in n. In particular, in our
blocksworld domains, the appearanceof the intermedi-
ate \pic kup" operators makesit sothat a 1-steplooka-
head is insu cien t to avoid the reset traps. Further-
more, in these domains node counting and edgecourt-
ing behave identically: they are e cient in Domain 1,
but are both exponertial in Domain 2, if ties are bro-
ken appropriately. Although we are not aware of any

00per of times.

Thus, 1-step LRTA* and node counting were almost
equally e cien t on both gridworlds and sliding tile puz-
Zles, but reset and quicksand state spacesare able to
di erentiate betweenthem. Similar reset and quick-
sand state spacescan also be constructed for real-time
seard algorithms with even larger look-aheads.

Conclusion

This paper presenied properties of state spacesthat
make them easy or hard, to seard with real-time seard
algorithms. The goal wasto separatethe inherent com-
plexity of a given seard problem from the performance
of individual real-time seard algorithms. Our approac
wasto compare seweral uninformed real-time seard al-
gorithms with minimal lookahead that solve subopti-
mal seardr problems { all algorithms had previously
beenusedby di erent researtersin di erent contexts.
More precisely we compared versionsof LRTA* to ef-
cient real-time seard algorithms (such asBETA) and
{ equally importantly { ine cien t real-time seart al-
gorithms (such as edge courting). We demonstrated,
both theoretically and experimentally, that the perfor-
mance characteristics of the studied real-time seard al-
gorithms can di er signi cantly in Eulerian and non-
Eulerian state spaces(real-time seard algorithms dif-
fer in this respect from traditional seard algorithms
such as A*). We have shown that real-time seard al-
gorithms that can be intractable in non-Eulerian state
spaces(such as edge courting) have a small complex-
ity in Eulerian and undirected state spaces.This result
helpsexplain why the reported performanceof real-time
seard algorithms have been so good: They tended to



be tested in Eulerian (usually undirected) domains.

Many state spaces,however, are not undirected or
Eulerian. One way to avoid uncritical generalizationsof
performance gures for real-time seard algorithms by
non-experts is to report experimental results not only
for Eulerian state spaces(such as sliding tile puzzles
and gridworlds), but alsofor non-Eulerian state spaces.
In particular, one hasto use non-Eulerian state spaces
to show the superiority of a particular real-time seard
algorithm acrossa wide range of domains. To this end,
we preseried two classesof hard-to-seard state spaces
(\reset" and \quic ksand" state spaces)that do not suf-
fer from (all of) the problems of the standard test do-
mains. Minor variations of these state spacesare also
applicable in distinguishing real-time seard algorithms
that have larger lookahead. We therefore suggestthat
variations of these two state spacesbe included in test
suites for real-time seard algorithms.

Our study provides a rst step in the direction of
understanding what makes domains easyto solve with
real-time seard algorithms. In this paper, we reported
results for one particular property: being Eulerian. Our
current work concerirates on identifying and studying
additional properties that occur in more realistic appli-
cations, such asreal-time cortrol.
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