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�
Abstract. From a practicalpoint of view, most problemscannot
be optimally solved applyingbrute-forcesingle-agentsearchalgo-
rithms.Thus,a new classof single-agentsearchalgorithmswasde-
visedto find theoptimalsolutionfasterand/orconsuminglessspace,
heuristicsingle-agentsearchalgorithms.However, designingaccu-
rate heuristic functions is still a major challenge.In this paper, a
mathematicalmodelis introducedfor characterizingtheaccuracy of
any heuristicfunction.This is astepaheadin theanalysisof heuristic
functionssincethis methodcouldbeusedto aid otherproceduresto
improve theoriginal heuristicestimations.

1 Intr oduction

Theproblemof characterizingaccuratelytheprecisionof theheuris-
tic function ������� employed by single-agentsearchalgorithmsto
reacha goal node � is considered.This is an importantissuesince
it is known that the time complexity of the searchalgorithmsde-
pendsupontheaccuracy of theheuristicfunction[15]. Besides,sev-
eral methodsfor improving the estimationsof an original heuristic
function �����	� havebeendevisedsoatool for characterizingtheaccu-
racy of thenew heuristicfunctionwouldbehelpful for both:spotting
wherethe original heuristicfunction hasto be improved andwhen
to stop.For example,Gaschnig[6] introducedtheterms“sub-graph”
and“super-graph”with theaim of devising automaticallymorepre-
ciseheuristicfunctions;otherideasfollow: criticizing relaxedmod-
els[7, 12,15] of theoriginal heuristicfunctions;automaticlearning
methodsof new andmoreaccurateheuristicvalues[1, 2, 8, 9] and
even, perimetersearchalgorithms[3, 14] can be consideredas an
automaticmethodfor improving theoriginalheuristicestimationsof�����
� .

As in previous works [4, 5, 6, 15, 16], an abstractmodelwhich
consistsof a treewhereeverynodehasexactly � chidrenandis fully
expandedup to depth � is considered.The main differenceof this
researchwith thoseworks is that cycles are also consideredhere.
An exceptionto this rule is thework performedby RichardE. Korf
andMichaelReidwhointroducedatool for analysingheuristicfunc-
tions in orderto estimateaccuratelythenumberof nodesgenerated
in practiceby any single-agentsearchalgorithm[11, 10]. This work
makesuseof the so-called and � distributionsintroducedby an-
otherindependentresearcherwho usedthemto characterizetheper-
formanceof theperimeterheuristicfunctions[13]. The  and � dis-
tributionscanbederivedfrom thetotaldensityfunction ������� devised
by Korf andReid.

This paperis arrangedas follows: in the following sectionthe
mathematicalmodelis introducedfrom a theoreticalpoint of view;�
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next, it is discussedhow to applythetheoreticalmodelto a realcase.
Finally, somerelevantconclusionsareshown.

2 Mathematical model

This sectionintroducesthemathematicalmodelusedfor modelling
theaccuracy of theheuristicfunction �����
� . It consistsof aprobability
functionof aneventnamed� definedbelow.

2.1 Preconditions

This analysisis restrictedto domainswhich meetthe following re-
quirements:� The statespacecanbe representedasa connectedgraph,i.e., at

leastonepath ������� � ������������� ����! existsfrom any node� belonging
to thestatespacewhere� is thetargetnode.� The costof all arcs, "����#���%$&� , with �%$ beinga successorof � , is
alwaysequalto 1: "'�������%$(�#)*"����%$������#),+ .� Theonlyallowedchangesof theheuristicfunction �����
� from node� to node ��$ are -/.0+'�	12+43 , whenestimatingits distanceto the
samenode 5 : 6 ��������57�8.9�����%$���57��6:);+ , wherenode �%$ is a
successorof node� , i.e., �%$#< SCS����� .
Examplesaredomainslike theN-Puzzle[1] whenguidedby the

Manhattandistance,or theproblemof finding theshortestpathin a
mazewith obstacleswhenguidedby thesumof thedifferenceof the
coordinates� and = [8].

2.2 Characterization of >@?BA�C
This mathematicalmodel makes use of the following domain-
dependentconditionaldistribution functions:�$�)EDF�G�����IH/�J���#)LKM1*+N6 �����������#)LKJ�	���OHP< SCS������ $ )EDF�G����� H �����Q)LK�.R+/6 �����������Q)LK(�	��� H < SCS�����
suchthat: �$�1S��$�)T+'��U�K���VXWRK#WL��Y�Z([ (1)

where � Y�Z([ is themaximumheuristicdistancefrom any node � of
thestatespaceto thegoalnode� . In otherwords, �$ is theprobabil-
ity that the \ th-child of a node � randomlysampledhasa heuristic
distanceto the target node � equalto KF1T+ where K is the heuristic
distanceof its parent,� , to the sametarget node.Conversely, � $ is
theprobability that the \ th-child of a node � randomlysampledhas
a heuristicdistanceto thetargetnode � equalto K�.]+ where K is the
heuristicdistanceof its parent,� , to thesametargetnode.
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Figure 1. Marginal distributions _ and ` for the15-Puzzle

Thesedistributions can either be easily sampledor they can be
derivedfrom thetotaldensityfunctionintroducedby RichardE.Korf
andMichaelReid[11,10], ����K(�Q)aD��G�����������#)LK(� , i.e.,thelikelihood
thatthedistancefrom any node� randomlysampledto thegoalnode� will be exactly equalto K . A methodfor deriving thedistributions�$ and ��$ from ����K(� is discussedin [13].

Figure1 shows thedistributions �$ and �b$ of theManhattandis-
tancecomputedwith the samplingof + V�c solvable instancesof the
15-Puzzle.

2.3 How the heuristic distancesare distributed

Let us denotewith �Fd egf h'�������i� the numberof terminalnodesgen-
eratedin a uniform treesearch,j2���g���i� , with branchingfactor � and
depth� rootedatanode� whoseheuristicdistanceto thetargetnode� is �bk81ml . This definitionassumesthatnode � hasa heuristicdis-
tanceto thetargetnode� equalto � k .

Figure2 showsaplausiblecasewherethenodesgeneratedatdepth�n)po from thenode � have differentheuristicdistances(shown to
the left of internalnodesandbelow the leaves)to the target node �
—somewherein the statespaceout of the figure— expressedwith
differentvariationsof the original heuristicdistance� k )q����������� .
For example,thenumberof terminalnodeswith a heuristicdistance
equalto � k 1mVP)9� k from node � to thetargetnode� is 2 sincethe
first immediatesuccessorof the root hasa descendantmeetingthis
propertyandthesecondimmediatesuccessorof therootaddsanother
one.In otherwords: � d e4f k �&or�	o��s)to becausefor thefirst successor� d e	u � f v � �&or��+ �w)T+ andfor thesecondsuccessor� d e4v � f u � �&or��+ �w)+ . Notehow thevaluesl of theimmediatesuccessorsof theroothave
changedtheir valuein orderto ensurea final alterationl2),V in the
rootnode.

Lemma 1 Thefollowing relationshipsare alwaystrue, i.e., they are
axiomsof themathematicalmodelproposed:D��G�Fd e4f k ������V'�Q)T+ �w)T+D��G� d e4f k ������V'�Q)L�M�#)*Vi��Ub�Sx)T+D��G� d e4f h ������V'�w)*V'�Q),+'�(U�lyx)*VD��G� d e4f h ������V'�w)L�M�#)*Vi�(U�lyx)*Vr��U��Sx)*VD��G�Fd e4f hN�������i�#)*VN�Q)T+'�JUbl��46 lI6izR�D��G� d e4f h �������i�#)L�M�#)*Vi��Ubl�� 6 lI6izR�b�JUb�Sx)*V

(2)

{ k | d egf v ��}�~'�J~4��� �| d egf k }�~'��~4�%�E~| d egf u � }�~'��~4��� ��

{ k#� � | d e�u � f v � }�~'� � ��� �| d e�u � f u � }�~'� � �%� ��
� { k

� � �
� � � � � � ��{ k � ~

� � � � � � � � � �{ k�� � | d e4v � f u � }�~'� � ��� �| d e4v � f v � }�~'� � �%� ��
�{ k � ~

� � �
� ��� � � � �� { k

Figure 2. An exampleof
|

Proof. They arein factvery easyto understand.They only repre-
senttrivial relationshipsof the casesthat have to be taken into ac-
countwhencomputingthelikelihoodof different � events.Thefirst
four meanthatno changel otherthan0 of theoriginal heuristices-
timation �bk canbeobtainedwith anull depth.Thelasttwo establish
thatit is not feasibleto altertheoriginalheuristicestimation� k in an
amountgreaterthanthecurrentdepth. �
Theorem1 Let j2�&o/���i� denotea uniformtreesearch rootedat node� with a brutebranching factor ��)�o anddepth � . Assumingthat
node � hasa heuristicdistanceto thetarget node � equalto � k , the
probabilitythat j��&o/���i� hasexactly � terminalnodeswhoseheuristic
distanceto thetarget node� is � k 1El is:

D��G� d e4f h �������i�#)L�M��)��� $�� kQ� �G� k ��lg���P.m+���K(��� � �G� k ��l����P.m+�����.SK(�
(3)

where � is definedas:

� �G� k ��l����b������)� d e ��DF�G� d e	u � f h�v � �������i�#)L�M��1� d e ��DF�G� d e v � f h
u � �������i�Q)L�M� (4)

Proof. Theproof of this theoremcanbe found in [13]. However,
it is worth notingthat theformulashown above assumestheheuris-
tic distancesof all childrenof any node � to the target node � are
independentlydistributed. �

The following theoremgeneralizesthe resultof theprevious one
to anarbitrarybranchingfactor � .
Theorem2 Let j����g���i� denotea uniformtreesearch rootedat node� with a brutebranching factor � anddepth� . Assumingthatnode�
hasa heuristicdistanceto thetargetnode� equalto � k , theprobabil-
ity that j����g���i� hasexactly � terminalnodeswhoseheuristicdistance
to thetarget node� is � k 1al is:

DF�G� d e4f h �������i�#)*�M��)
��$���� k � v $���$���� k ����� � v

���J� ��(� � $ ��$�  �J� �&¡ � k
¢
�

¢ � k ��l����P.R+'����.9£ v �� H	� � K¤Hg¥p�



£ v �¦H	� � � �G� k ��l����P.R+'��K¤H��J¥
(5)

Proof. Theproof of this theoremcanbe found in [13]. As in the
previous theorem,it is worth noting that the formula shown above
assumesthe heuristicdistancesof all childrenof any node � to the
targetnode� areindependentlydistributed. �
2.4 Only-one-optimal-path: A casestudy

Althoughthemathematicalmodelintroducedhereinis not restricted
to the caseof only-one-optimal-pathto the target node � , it will be
discussedfirst for thesake of clarity.

In casethere is only one optimal path from any node � to the
goalnode � , noneof the following errorsmayever take placeif the
heuristicfunction �����
� is perfectlyinformed[15]:

Alpha error No child of node � , �%$ , has a heuristic distance,�����%$������ , strictly lower thanthe heuristicdistanceof the node � ,����������� .
Since it is assumedthere is always just one optimal path������� � ��� � ��� ���B����! from node� to thetargetnode� , it is clearthat§ ���������¨)q+@1 § ��� � ����� where

§ ���#��5n� standsfor thecostof the
optimal pathbetweenthe nodes� and 5 . Thus, if the heuristic
function �����	� is perfectlyinformed: �����#�J���s)�+s1]����� � ����� and,
therefore,onechild of everynode� shallhaveaheuristicdistance
strictly lower thantheheuristicdistanceof its parent.
This errorpreventsthesingle-agentsearchalgorithmfrom imme-
diatelyexpandingthenodethatleadsto theoptimalpath.

Betaerror No childof node� , �%$ , hasaheuristicdistance,�����%$��J��� ,
strictly greaterthantheheuristicdistanceof thenode� , ����������� .
Sinceit is assumedthereis just oneoptimal pathfrom any node� to the targetnode � (and � is reasonablyassumedto beat least
2), only onenodecanhaveaheuristicvaluestrictly lower thanthe
heuristicdistanceof its parentso that the restshall have a value
strictly greaterthan it, if the heuristicfunction �����
� is perfectly
informed.
Thiserrorleadsthesingle-agentsearchalgorithmto theexpansion
of nodeswhichmayor maynot lie over theoptimalpath.

From the previous discussion,the following importantresultcan
bedrawn sinceit relatesthe  and � distributionswith theaccuracy
of theheuristicfunction.However, beforegoingfurtherthereaderis
told that in therestof thepaper,  $ is consideredequalto a constant
value  for the sake of clarity. Thoughthis is clearly an important
simplification,it doesnotnecessarilyaffect thevalidity of theresults
to come.

Theorem3 Assumingthere is onlyonepathto thegoalnode� from
anynode � whoseheuristicdistanceto � is K , theoptimalvalueof 
is ���:.R+4��©4� .

This resultis very easyto demonstrate.Instead,otherevidenceis
givento supportthisassertion.Consideringanode� whoseheuristic
distanceto the target nodeis �bk , the probability that � hasexactly
oneinmediatesuccessorwith aheuristicdistanceto � equalto �bk�.n+
canbecomputedfrom equation(5) asfollows:

DF�G� d e4f v � �����B+4�Q),+ �#)*� � �G�bkg� .0+'��Vr��+4� � £ v � �G�bk�� .0+'��Vi��V'�w)
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Figure 3. Observingdifferentdepthswith ª �E~
�s«(bDF�G� d e�u � f v � ���g��VN�Q)T+4�%1a�IDF�G� d4e v � f k ������V'�Q)T+ ��¬�«(bDF�G� d eBu � f v � ������V'�w)*VN�%1E�ODF�G� d e4v � f k ������V'�w)*V'��¬ £ v � )�	�� £ v � (6)

whereall the probabilitiescanbe inmediatelyderived from the ax-
iomsshown in (2). This resultcanbegeneralized.Let usconsidera
node � whoseheuristicdistanceto thetargetnodeis � k . Theproba-
bility that � hasexactlyonechild atdepth� with aheuristicvalueto
thetargetnodeequalto �bks.S� canbecomputedalsofrom equation
(5):

D��G� d e4f vb® �������i�#)T+4�#)� � �G� k �B.s�b���0.m+�� +4� � £ v � �G� k ��.s�b���P.¯+'�
VN�#)�s«JODF�G� d e	u � f v�°±®Bu �(² �������P.¯+4�Q),+ ��1�IDF�G� d e v � f � vO® ���g���P.R+ �w)T+ ��¬2�«&bDF�G� d e	u � f v�°±®Bu �(² �������P.R+4�#)*VN��1�IDF�G� d e v � f � vO® ���g���P.R+ �w)*V'��¬ £ v � )�s«(�IDF�G� d4e v � f � vb® �������P.R+4�Q),+ ��¬0«(y1a�� £ °±®4v �(² ¬ £ v �
(7)

since D��G� d eBu � f v�°±®�u �(² ���g���³.´+4� ) VN� ) + andD��G� d eBu � f v�°±®�u �(² ���g���S.p+4�µ)¶+ �·)¸V accordingto the axioms
shown in (2). On theotherhand:

DF�G� d e f � vb® �����J��.n+ �w)*VN�#) � £ �G�bk'��+%.��b����.¹o/��VN�#)L £ °±®4v �(² (8)

Finally, it is worthnotingthatDF�G� dNv � f � vb® ��������.+4�#)T+4� hasbeen
left unsolvedin equation(7) sinceit relatesto thesame� eventthan
theoriginal onebut with depthdecreasedin oneunit. Therefore,the
original probability is recursively definedin termsof theprobability
of shorterdepths.

Figure3 showstheprobabilityof having exactlyoneterminalnode
with a heuristicdistanceequalto � k minusdifferentdepthsranging
from 1 (top) to 10 (bottom)which is assumedto bethetargetnode�
whentraversinga treewith �¨),o . As it canbeseen,theprobability
reachesa maximumwhen  equals���s.m+4��©4�º)�+ ©'o for all depths.
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Figure 4. Differentvaluesof ª for » �½¼
Indeed,theorem3 doesnot relatetheoptimalvalueof  to thedepth
of thesearchtree, � , but thebranchingfactor, � .

Figure4 shows theprobabilityfunctionsthatresultfrom applying
equation(7) to differentbranchingfactors� rangingfrom 2 (theleft-
most)to 10(therightmost)for thesamedepth�2)L¾ . In all cases,the
probabilityfunctionreachesapeakwhen ½),���i.+ ��©g� astheorem3
predicted.

2.5 Searching in grids: A practical case

Let usconsideragrid with ¿À�¿ cellswhereit is only permittedto
move to thehorizontallyor vertically adjacentcells—i.e., diagonal
movesarestrictly forbidden.Let usconsidertheproblemof finding
theshortestpathbetween����.Á+�����.Á+ � and ���#����� suchthat �½Wm¿ .
Obviously, thebranchingfactor � will approach¾ for largervaluesof¿ . According to theorem3, a perfectly informed heuristicshould
show an  valueequalto Â'©g¾ .

For this problemit is well known that the sumof the difference
of thecoordinates� and = is a perfectheuristicwhichavoidstheex-
pansionof sub-optimalnodes.In otherwords,theclassof admissible
single-agentsearchalgorithmsareableto find the optimal solution
with a linear time complexity [15]. However, whenconsideringthis
heuristicit turnsout that mÃpo�©g¾y)À+4©'o since,in mostcases,two
out of four childrenget closerto the target nodewhereasthe other
two getaunit further. Thus,it seemsadivergencehasarisedbetween
thetheoreticalmodelandtheseempiricalobservations.

Theproblemlies in the fact thatour grid hasno obstaclesin be-
tweensuchthat therearedifferentpathsfor reachingthe sametar-
get node � from the samenode Ä , i.e., thereare transpositions.For
the sake of clarity, let us considerthe easiestcase:finding an opti-
mal pathof length �S)Åo asillustratedin figure 5(a) which shows
only a portion of a very large grid. In this case,therearetwo solu-
tions,namely: �&ÆsÇ�È�ÉB�BÊ�Ë�ÌrÉ�Í�! and ��Ê�Ë�ÌrÉ�Í��
ÆsÇ�È�É�! , sothatour previ-
ousanalysisdoesnot applydirectly.

If we remove the transpositionsby insertingobstaclesbetween
cells appropriately, figure 5(b) results where obstaclesare high-
lighted with thick segments.In this case,thereis only oneoptimal
path: ��Ê�Ë�ÌrÉ�Í��
ÆsÇ�È�É�! . Beforeturningour attentionto thecaseof fig-
ure 5(a), let us seehow theaccuracy of the selectedheuristicfunc-
tion in thecaseshown in figure5(b)canbepredicted.In thiscasethe
branchingfactoris closeto ��)·Â thoughit is slightly larger. There-

t
s

(a)With transpositions

t
s

(b) Without transpositions

Figure5. Searchingin amazeatdepth » �S~
fore, a perfectheuristicfunction �����
� is expectedto have LÃÀo'©gÂ
andthecurrentvalueof  is ��ÎÏ c Ã �Ï .

This value resultsfrom the computationof the meannumberof
descendantsthat incrementtheheuristicdistanceof its parentto the
targetnode� . For example,thenodetwo stepsover � andthenodeto
the left of � have two descendantsout of threewhich leadto nodes
further from the targetnode;thenodetwo stepsto the left of � and
the nodeinmediatelyover � have threechildrenandall of themin-
crementtheheuristicdistanceof its parent;andsoon.Theresulting
summationis divided by 12, the total numberof nodeswhich have
a heuristicdistanceto the target node � equalto either1 or 2. The
smalldifferencebetweentheexpectedvalueandtherealvalueis ex-
plainedbecause:firstly, theheuristicbranchingfactoris not exactly��)tÂ but slightly largerandsecondly, becausem)�o'©�Â cannotbe
achievedexactlywhenconsideringthegeometryof theproblem,i.e.,
thereis no way to getexactly ½)9o'©�Â . Moreover, therealvalueob-
tainedis theclosestwe canget.Thus,theheuristicemployedis said
to beperfect.

Evenin themorecomplex caseof domainswith transpositions,as
theoneshown in figure5(a), it is still feasibleto usethemathemat-
ical modelintroducedhereinto derive theoptimalvalueof  which
characterizesa perfectheuristicfunction �����
� . As mentionedabove,
therearetwo differentpathsin this caseto thetargetnode � . There-
fore, the probability that two childrenat depth �½)qo (equalto the
optimalcost)have a heuristicvalueequalto �Ok@.¯o where �bk is the
heuristicdistancefrom the startnode Ä to the targetnode � follows��d e4f v � ��¾I�
o�� thatcanbecomputedusingequation(5):

DF�G� d e4f v � ��¾I�	o��#)µo��w)��$��
� k � v $���$¤�B� k � v $�� v $���$�Ð�� k �
¢ �bk'�B.¨or��+��	o¨. Ï� HB� � K H ¥Ï¦HB� � � �G� k ��.¨or�B+'��K¤H��Q)

¾ � ��� k ��.¨o/� +'�
o�� � Ï �G� k ��.¨or��+��
VN��1Ñ � � �G�bk'��.¨or�B+'� +4� � � �G�bk'��.¨or�B+'�
VN�
(9)

and:

� �G�bk'��.¨o/� +'��V'�w)bDF�G� d eBu � f v Ï ��¾i��+4�Q)*VN�%1a�IDF�G� d4e v � f v � ��¾I�B+4�Q)9V'�w)
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� ��� k �B.¨or� +'�B+4�Q)ODF�G� d e�u � f v Ï ��¾I��+ �w)T+ ��1E�OD��G� d e4v � f v � ��¾i� +4�#)T+4�Q)¯�yV@1a�E�y¾��� Ï )L¾' Ï � �
� ���bk'�B.¨or� +'��o'�Q)ODF�G� d e�u � f v Ï ��¾I��+ �w)9o���1E�OD��G� d e4v � f v � ��¾i� +4�#)9o'�Q)¯�yV@1a�E� Ñ � �  � ) Ñ  � � Ï (10)

suchthatexpression(9) yields:

DF�G� d e f v � ��¾i�
o'�Q)9o'�#)¾X« Ñ  � � Ï ¬0«(:��+w1E�� Ï ��¬ Ï 1 Ñ «(¾� Ï � � ¬ � «(:��+�1E�� Ï ��¬ �
(11)

Figure6 shows theshapeof DF�G� d4e f v � ��¾I�
o��0)�o�� . This function
hasa maximumin theinterval Õ Vi� +BÖ in ½)9Vr� ÑN× , very close(hence,
different)to theoptimalvalueof  whenthereis only onepathto the
goalstate,9)Ào�©�Â . Therefore,perfectheuristicsarecharacterized
with S)*Vr� Ñ'× in this case.Therealvalueof  is:½) ++4o½Ø ¾�� +o 1RÙX� Â¾FÚ ) ++4o �ÁÙ0) oÂ (12)

Theslight differencebetweentheexpectedvalue( ¯)TVr� ÑN× ) and
therealvalue( R),o'©gÂ ) is explainedonceagainwith thegeometry
of theproblem.As amatterof fact,thereis nowayto achieveexactly
thevalue Û)9Vi� Ñ'× andtheclosestwecangetis ½)9o'©gÂ sothatthe
heuristicis termedasperfectagainfor the caseof two pathsto the
targetnode� , i.e.,whenconsideringtranspositions.

3 Conclusions

A mathematicalmodel for the characterizationof the accuracy of
heuristicfunctionshasbeenintroduced:� Heuristicerrorshave beenclassifiedin two categories:alphaand

betaerrors.Both typesof errorscan be successfullyexplained
with the  and � distributionsso that whenno errorhappensan
optimal valueof  hasbeenderived for the specialcaseof only
oneoptimalpathto thegoalnode� .

� Moreover, the mathematicaltool introducedherein allows the
computationof optimal valuesof  for problemswith transpo-
sitionsor, in a broadsense,with problemsthat have more than
oneoptimalpathto thetargetnode� .� Themostrelevantconclusionis thattheperformanceof �����	� is ex-
plainedin termsof the  and � distributions.Thoughthesefunc-
tionsarevery domain-dependent, they canbecomputedfor every
domain.

It shouldbe noted,however, that slight differencesshall always
beexpectedbetweentheoptimalvaluesof  derivedby this method
andtherealvaluesof  . Theseslightdifferencesareattributedto the
fact that the branchingfactor is not expectedto be uniform and/or
that the geometryof the problemmay imposethe impossibility to
get the optimal value.If theseissueswould be properlyaddressed,
an accuratemethodfor improving the heuristicestimationsof �����
�
wouldbecomepossible.
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(November2003). To be publishedin the LectureNotesin Artificial
Intelligenceby Springer-Verlag.

[14] GiovanniManzini, ‘BIDA Ü : an improvedperimetersearchalgorithm’,
Artificial Intelligence, 75, 347–360,(1995).

[15] JudeaPearl,Heuristics, Addison-Wesley, ReadingMA, 1984.
[16] I. Pohl,Machine Intelligence, volume8, chapterPracticalandtheoret-

ical considerationsin heuristicsearchalgorithms,55–72,Wiley, New
York, 1977.


