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Abstract. Solutiontechniquesfor ConstraintSatisfactionandOp-
timisation Problemsoften make useof backtracksearchmethods,
exploiting variableandvalue orderingheuristics.In this paper, we
proposeandanalysea verysimplemethodto applyin casethevalue
orderingheuristicproducesties: postponing the branching deci-
sion. To this end,we grouptogethervaluesin a tie, branchon this
sub-domain,anddefer the decisionamongthemto lower levels of
the searchtree.We show theoreticallyandexperimentallythat this
simplemodi�cation candramaticallyimprove the ef�ciency of the
searchstrategy. Althoughin practisesimilarmethodsmayhavebeen
appliedalready, to our knowledge,no empiricalor theoreticalstudy
hasbeenproposedin theliteratureto identify whenandto whatex-
tentthisstrategy shouldbeused.

1 INTRODUCTION

ConstraintSatisfaction Problems(CSPs)andConstraintOptimisa-
tion Problems(COPs)arede�ned on a setof variablesrepresenting
problementities.Variablesrangeon�nite domainsandaresubjectto
asetof constraintsthatde�ne thefeasiblecon�gurationsof variable-
valueassignments.A COPin additionhasanobjectivefunctionto be
optimised.A solutionto a CSPor a COPis a variable-valueassign-
mentrespectingall constraints,andoptimisingtheobjectivefunction
if present.Whenbeingsolvedwith ConstraintProgramming,theso-
lution processinterleavesconstraintpropagationandsearch.

A generalwayof buildingasearchtreefor solvingCSPsandCOPs
is calledlabelling. Labellingconsistsin selectinga variableandas-
signing it a single value from its domain.The variableand value
selectionare guided by heuristics.In particular, a value-selection
heuristicranksvaluesin sucha way that the mostpromisingvalue
is selected�rst. Concerningvalue-selectionheuristics,we consider
thefollowing situations.

If theheuristicregardstwo or morevaluesequallypromisingwe
say the heuristicproducesa tie, consistingof equally ranked do-
main values.The de�nition of ties canbe extendedto the concept
of heuristicequivalence[2] thatconsidersequivalentall valuesthat
receive a rankwithin a givenpercentagefrom a valuetakenasrefer-
ence.

A similar situationoccurswhendifferentdomainvalueheuristics
areappliedsimultaneously. Often a problemis composedof differ-
entaspects,for instanceoptimisationof pro�t, resourcebalance,or
feasibility of someproblemconstraints.For eachof thoseaspectsa
heuristicmaybeavailable.However, applyingonly onesuchheuris-
tic oftendoesnot leadto a globallysatisfactorysolution.Thegoalis
to combinetheseheuristicsinto oneglobal domainvalueheuristic.
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Many combinationsareusedin practise:(i ) to follow the heuristic
that is regardedmost important,andapply a different heuristicon
valuesbelongingto thetie, (ii ) to de�ne a new heuristic(thatmight
still containties)asthe(weighted)sumof theranksthateachheuris-
tic assignsto a domainvalueor (iii ) rankthedomainvaluesthrough
a multi-criteria heuristic.In this third case,a domainvalue hasa
higherrank thananotherdomainvalue if it hasa higherrank with
respectto all heuristics.With respectto the multi-criteria heuristic,
somevaluesmay be incomparable.Theseincomparablevaluesto-
getherform a tie.

The two casesconsideredabove describethe samesituation:the
usedheuristic(s)de�ne(s) a partial order on the values' ranks.In
thesecases,labelling choosesoneof thesevaluesandbrancheson
it. In traditionaltreesearchvaluesarechosenaccordingto a deter-
ministic rule, for instancelexicographicorder. More recently, ran-
domisationhasbeenappliedto thesechoices,see[2]. We propose
a simple,yet effective methodthat improves the ef�ciency of tree
searchin thesesituations:avoid makingthischoiceandpostponethe
branchingdecision.

Postponingbranchingdecisionsis practically usedupon back-
tracking in schedulingapplications [1] when the chronological
heuristic is chosen.We selectthe activity A with the smallestear-
lieststarttimeest andassignit to thisvalue.Uponbacktracking,we
postponethedecisionfor A andgo on assigninga differentactivity.
Themotivationunderlyingthispostponementis thataftera schedule
that assignsactivity A to est is found (or the searchhasfailed), it
is unlikely thatassigningactivity A to est + 1 would producemuch
betterresults.Indeed,valuesest andest+ 1 areequivalent(i.e.,form
a tie) for theschedulingapplication.

We proposehereto apply decisionpostponementsystematically
in caseof ties.Therefore,equivalentvaluesaregroupedtogetherin a
sub-domainanda branchingis performedon thewholesub-domain,
while thosethatareclearlyrankedby theheuristicarestill assigned
singularlyto a variable.We call this methodpartitioning. Eventhis
simple changecan dramaticallyimprove the ef�ciency of the tree
search,aswe will seelater. In addition,partitioninghasanotherim-
portantadvantage:it enhancesthe boundcomputation(in particu-
lar whenusedin conjunctionwith LDS), asshown in [7] wherea
strategy usingpartitioningis presented.Moreover, partitioninggen-
eratessub-problems,to which any appealingsearchmethodmay
beapplied,speedingup thesolutionprocess.However, partitioning
hasalsosomedrawbacks.In particular, whenconstraintpropagation
heavily reliesonvariableinstantiation,partitioningmayresultin less
propagation.Nevertheless,whenwe applya fastsolutionmethodto
the generatedsub-problems,partitioningcanstill be favourablein-
steadof labelling.

Although domain partitioning and labelling have beenalready
usedfor solvingCSPsandCOPs,to our knowledgethereis no the-
oreticalandpracticalstudythat indicatesto practitionerswhenthey



shouldbeapplied.In this paperwe discusstheeffect of domainpar-
titioning to searchstrategiesthat includedepth-�rst search,limited
discrepancy searchandvariants.

Theoutlineof this paperis asfollows. In Section2 we de�ne the
conceptsandthebackgroundof our work. In Section3 a theoretical
comparisonof partitioningand labelling is given. This is followed
by an experimentalcomparisonin Section4. We concludewith a
discussionin Section5.

2 BACKGROUND

A constraintsatisfactionproblem(CSP)consistsof asetof variables
x1 ; : : : ; xn with respective �nite domainsD 1 ; : : : ; D n , anda setof
constraintsC on thesevariables.A constraintoptimisationproblem
(COP)is a CSPtogetherwith anobjective functionto beoptimised.

We recall the conceptsof labelling and partitioning, which are
standardandwidely usedin searchstrategiesfor solving CSPsand
COPs.During thesearchfor a solution,a searchtreeis built by sub-
sequentlytakingbranchingdecisions.A branchingdecisionimplies
�rst a variableselection.Then,labelling choosesa singlevalueand
assignsthevariableto thatvalue.Uponbacktrackinganothervalueis
assigneduntil nomorevaluescanbefoundin thedomain.Formally,
for variablex i , labellinggeneratestheassignments

x i = di 1 _ x i = di 2 _ : : : _ x i = di l

whereD i = f di 1 ; : : : ; di l g.
On the otherhandpartitioning is a techniquethat partitionsthe

domainof a variable and brancheson the resulting sub-domains,
which may consistof only a singlevalue.A very simpleexample,
widely usedin CSPs,is to split a numericaldomain in two sets:
the �rst containingvaluessmalleror equalthan a given threshold
T , the secondcontainingvaluesgreaterthan T . For example,if a
variableX rangeson a domainf 1; : : : ; 10g thepartitioningcanbe
X � 5 _ X > 5. This domaincan alsobe partitionedin differ-
entwayslike X 2 f 4; 5; 6g _ X 2 f 1; 3; 7; 8g _ X 2 f 2; 9; 10g.
Formally, for variablex i , partitioninggeneratesthebranching

x i 2 D 1
i _ x i 2 D 2

i _ : : : _ x i 2 D m
i

whereD 1
i ; : : : D m

i is a partition of D i . In this work, the partition
will be de�ned by the ties of thevalue-selectionheuristic,i.e. each
D j

i consistsof all valuesbelongingto thesametie.
Constructinga searchtreevia labellingleadsto theappearanceof

leaves only at depthn. Constructinga searchtreevia partitioning
leadsto a sub-problemat depthn. If all assignedsub-domainsare
single-valued,thissub-problemis a leaf.Otherwise,thesub-problem
mustbesearchedagain,throughlabellingor partitioning.In this pa-
per, wewill alwayssearchthesub-problemvia labelling.Thismeans
thattheleavesof thesearchtreeappearat depthbetweenn and2n.

A searchstrategy de�nestheorderin which thenodesof a search
treearebeing traversed.We considerin this paperonly depth-�rst
basedsearchstrategies.A depth-�rst basedsearchstrategy traverses
the searchtreeby going from a nodeto oneof its successors,until
it reachesa leaf. Examplesof depth-�rst basedsearchstrategiesare
depth-�rst search(DFS), limited discrepancy search(LDS) [4] and
depth-boundeddiscrepancy search(DDS) [11].

A discrepancy (of a certainvalue)is a branchingdecisionthat is
not selected�rst by the domainvalueorderingheuristic.For LDS
andDDS, the cumulative discrepancy of a path from the root to a
nodemaynot exceeda given limit. LDS graduallyallows this limit
to increaseduringsearch.DDSfollowsLDS until acertaindepth,but

allows only heuristicchoices(discrepancy 0) below this depth.The
value of discrepancy of a branchingdecisionis equalto the num-
berof precedingbranchingdecisionsat thecurrenttreenode.In case
of labelling,thediscrepancy increaseswith value1 for eachdomain
value.Forpartitioning,thediscrepancy valueincreaseswith thenum-
berof domainvaluesin eachsub-domain.However, below depthn,
i.e.insideasub-problem,wesaythatnobranchingdecisionincreases
thediscrepancy.

3 THEORETICAL COMPARISON

Thissectionshows,onaprobabilisticbasis,thatpartitioningis more
bene�cial than labelling in casethe (combined)heuristicproduces
ties.In thissectionwe donotconsiderconstraintpropagation.

Similar to the analysisof LDS by Harvey andGinsberg [4], we
introducea probabilitythattheheuristicmakesa correctchoice.Let
thesearchtreeconsistof goodandbadnodes.A nodeis calledgood
if oneof its successorsis a (optimal)solutionto theCSP. Otherwise,
the nodeis called bad.The heuristicprobability is the probability
that at a good node,the heuristicselectsa good node�rst. Every
following nodeselectionhasa similar probability of beinga good
node.For simplicity, Harvey andGinsberg assumethat this proba-
bility remainsconstantthroughoutthesearchtree.To analyseDDS,
Walsh [11] introducesa similar probability, but explicitly assumes
thatit increaseswith thedepth.In bothcases,binarysearchtreesare
considered,while our analysisis not restrictedto binarytrees.

The analysisof partitioning with respectto labelling shouldbe
basedonthesolefactthattheheuristicproducesties.Hence,wemay
assumethattheheuristicprobabilityremainsconstantthroughoutthe
searchtree.Theheuristicprobabilityis denotedby pd

i , corresponding
to assigningvalued 2 D i to variablex i . Notethat

P
d2 D i

pd
i = 1,

andwe explicitly assumep
d i j
i > p

d i k
i if the heuristicprefersdi j

over di k . If theheuristicproducesa tie for x i , includingvaluesdi j

anddi k , thenp
d i j
i = p

d i k
i .

Let a searchtree be de�ned by a certainvariableorderingand
domainvalue heuristic.A leaf l of the searchtree consistsof the
instantiationof all n variables:

l = f x i = di j j di j 2 D i ; i 2 f 1; : : : ; ngg:

Thus,a leafcaneitherbea(optimal)solutionor not.Theprobability
of a leaf l beingsuccessfulis

prob(l) =
Y

f x i = d i j
g2 l

p
d i j
i :

Whenwe apply a certainsearchstrategy to a treede�ned by la-
belling or by partitioning,leavesarevisited in a differentorder. An
exampleof theprobabilitydistributionalongtheleavesof thediffer-
entsearchtreesis given in Figure1. Thetreescorrespondto 2 vari-
ables,bothhaving 3 domainvalues.Thebranchesareorderedfrom
left to right following theheuristic'schoice.Theheuristicprobability
of successfor is shown for eachbranch.Note thattheheuristicpro-
ducesa tie, consistingof two values,for the�rst variable.Labelling
follows the heuristicon singlevalues,while partitioninggroupsto-
gethervaluesin the tie. For DFS andLDS, the order in which the
leavesarevisited is given, togetherwith the cumulative probability
of success.Notethatfor every leaf,partitioningalwayshasa higher
(or equal)cumulative probabilityof successthanlabelling.This will
beformalisedin Theorem1. Notealsothat in a sub-problemgener-
atedby partitioningall leaveshave thesameprobabilityof success.
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a. labelling b. partitioning

Figure 1. Cumulative probabilityof successusingDFSandLDS.

This propertyfollows immediatelyfrom theconstructionof thesub-
problems.As aconsequence,any searchstrategy appliedto thissub-
problemwill beequallylikely to besuccessful.In practise,we will
thereforeuseDFSto solve thesub-problems.

Theorem1 For a �xed variableorderinganda domainvalueorder-
ing heuristic,let Tlab el be the search treede�ned by labelling, and
let Tpartition bethesearch treede�nedby partitioning, groupingto-
gether ties. Let the setof the �r st k leaf nodesvisitedby labelling
andpartitioning bedenotedby L k

lab el andL k
partition respectively. If

Tlab el andTpartition are traversedusingthesamedepth-�rst based
search strategy then

X

l 2 L k
partition

prob(l) �
X

l 2 L k
lab el

prob( l): (1)

Proof. For k = 1, (1) obviously holds.Let k increaseuntil labelling
andpartitioningvisit a leaf with a differentprobability of success,
sayl lab el

k andlpartition
k respectively. If suchleavesdo not exist, (1)

holdswith equalityfor all k.
Assumenext thatsuchleavesdo exist, andlet l lab el

k andlpartition
k

bethe�rst leaveswith adifferentprobabilityof success.As theleafs
are different, thereis at leastone different branchingdecisionbe-
tweenthe two. The only possibility for this differentbranchingde-
cision is that we have encountereda tie, becausepartitioning and
labellingbothfollow thesamedepth-�rst basedsearchstrategy. This
tie madepartitioningcreatea sub-problemS, with l partition

k 2 S,
andl lab el

k =2 S. If labellingmadeabranchingdecisiondifferentfrom
partitioning,with a higherprobabilityof beingsuccessful,thenpar-
titioning would have madethe samedecision.Namely, partitioning
andlabellingfollow thesamestrategy, andtheheuristicprefersval-
ueswith ahigherprobability. Soit mustbethatadifferentbranching
decisionmadeby labellinghasa smalleror equalprobabilityof be-
ing successfulwith respectto the correspondingdecisionmadeby
partitioning.However, aswe have assumedthat prob( l partition

k ) 6=
prob( l lab el

k ), theremustbeat leastonedifferentbranchingdecision
madeby labelling,thathasastrictly smallerprobabilityof beingsuc-
cessful.Thusfor thecurrentk, (1) holds,andtheinequalityis strict.

As we let k increasefurther, partitioning will visit �rst all
leaves inside S, and then continue with l lab el

k . On the other

hand, labelling will visit leaves l that are either in S or not,
all with prob( l) � prob( lpartition

k ). However, as partitioning
follows the same searchstrategy as labelling, partitioning will
either visit a leaf of a sub-problem,or a leaf that labelling
has already visited (possibly simultaneously). In both cases,P

l 2 L k
partition

prob( l) �
P

l 2 L k
lab el

prob( l). 2

Next we measuretheeffect thatthenumberof tieshason theper-
formanceof partitioningwith respectto labelling.For thisreason,we
vary thenumberof ties in a �x edsearchtreeof depth30.A branch-
width of 3 will be usedin all cases,asthis allows ties,anda larger
branch-widthwould make it impracticalto measureeffectively the
performanceof labelling.Dependingon theoccurrenceof a tie, the
heuristicprobabilitypi of branchi will bechoseneither

p1 = 0:95, p2 = 0:04, p3 = 0:01 (no tie), or
p1 = 0:495, p2 = 0:495, p3 = 0:01 (tie).

Ourmethodassumesa �x edvariableorderingin thesearchtree,and
uniformly distributesthe tiesamongthem.This is reasonable,since
in practiseties can appearunexpectedly. We have investigatedthe
appearanceof 10%,33%and50%tiesout of then branchingdeci-
sionsthatleadto aleaf.In Figure2.aandb., wereportthecumulative
probability of successfor labelling andpartitioningusingDFS and
LDS until 50000leaves.Note that in Figure2.a the graphsfor la-
bellingwith 33%and50%tiesalmostcoincidealongthex-axis.The
�gures show that in the presenceof ties partitioningmay be much
morebene�cial thanlabelling, i.e. the strict gapin (1) canbe very
large.

4 EXPERIMENT AL COMPARISON

This sectionpresentscomputationalresultsof two applicationsfor
which we have comparedpartitioningandlabelling.The �rst is the
Travelling SalesmanProblem(TSP), the secondthe Partial Latin
SquareCompletionProblem(PLSCP).We �rst explain the reason
why we chosethesetwo problemsamonga setof problemsconsid-
eredto testthemethods.TheTSPis anoptimisationproblemwhere
the propagationis quite poor and the heuristicusedis very infor-
mative but produces(not very large indeed)ties. Instead,PLSCPis
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Figure 2. Partitioningversuslabellingonsearchtreesof depth30andbranch-width3.

a constraintsatisfaction problemwhosemodel containsmany all-
different constraintswhose�ltering algorithm is particularlyeffec-
tive. The heuristicusedis quite goodandsometimesproducesties.
Therefore,thetwo problemshaveoppositestructureandcharacteris-
tics.For theTSPpartitioningis verysuitablesincetheonly drawback
of themethod,i.e.,thedecreasedeffectof propagation,doesnotplay
any role.Onthecontrary, thePLSCPis aproblemwhosecharacteris-
tics arenotsuitablefor thepartitioning.Therefore,we will point out
alsothe weaknessof the method.For eachapplicationwe statethe
problem,de�ne the appliedheuristicand report the computational
results.For bothproblemswe applyLDS assearchstrategy.

The applicationsare implementedon a Pentium1Ghzwith 256
MB RAM, usingILOG Solver 5.1[6] andCplex 7.1[5].

4.1 Travelling SalesmanProblem

Thetravelling salesmanproblem(TSP)is atraditionalNP-hardcom-
binatorialoptimisationproblem.Givena setof citieswith distances
(costs)betweenthem,theproblemis to �nd aclosedtourof minimal
lengthvisiting eachcity exactlyonce.

For the TSP, we have useda constraintprogrammingmodeland
a heuristicsimilar to [8] basedon reducedcosts.Sub-problemsare
beingsolved usingDFS,sinceall leavescanbe consideredto have
equalprobabilityof beingsuccessful.

To comparelabelling andpartitioning fairly, we stop the search
assoonasan optimal solutionhasbeenfound. For the considered
instances,the optimal valuesare known in advance.The proof of
optimalityshouldnotbetakeninto account,becauseit is notdirectly
relatedto theprobabilityof a branchbeingsuccessful.

The resultsof our comparisonarepresentedin Table1. The in-
stancesaretakenfrom TSPLIB [10] andrepresentsymmetricTSPs.
For labellingandpartitioning,thetableshows thetimeandthenum-
ber of fails (backtracks)neededto �nd an optimum.For labelling,
thediscrepancy of theleafnodethatrepresentstheoptimumis given.
For partitioning,thediscrepancy of thesub-problemthatcontainsthe
optimumis reported.

For all instancesbut one,partitioningperformsmuchbetterthan
labelling. Both the numberof fails and the computationtime are

substantiallyless for partitioning. Observe that for the instance
`dantzig42'labellingneedslessfails thanpartitioning,but usesmore
time. This is becausepartitioning solves the sub-problemsusing
DFS. Partitioning can visit almost threetimes more nodesin less
time,becauseit lackstheLDS overheadinsidethesub-problems.

labelling partitioning
instance time (s) fails discr time (s) fails discr
gr17 0.08 36 2 0.02 3 0
gr21 0.16 52 3 0.01 1 0
gr24 0.49 330 5 0.01 4 0
fri26 0.16 82 2 0.01 0 0
bayg29 8.06 4412 8 0.07 82 1
bays29 2.31 1274 5 0.07 43 1
dantzig42 0.98 485 1 0.79 1317 1
swiss42 6.51 2028 4 0.08 15 0
hk48 190.96 35971 11 0.23 175 1
brazil58 N.A. N.A. N.A. 0.72 770 1

N.A. means̀not applicable'dueto time limit (900s).

Table 1. Resultsfor �nding optimaof TSPinstances(not proving
optimality).

4.2 Partial Latin SquareCompletion Problem

The Partial Latin SquareCompletionProblem(PLSCP)is a well
known NP-completecombinatorialsatisfaction problem. A Latin
squareis an n � n squarein which eachrow andeachcolumn is
a permutationof the numbersf 1; : : : ; ng. A partial Latin squareis
a partially pre-assignedsquare.The PLSCPis the problemof ex-
tendinga partialLatin squareto a feasible(completely�lled) Latin
square.

The constraintprogrammingmodelis straightforward,usingall-
different constraintson the rows and the columns,with maximal
propagation.Themaximalalldifferentpropagation(achieving hyper-
arc consistency [9]) is of greatimportancefor solving the PLSCP.
With lesspowerful propagation,theconsideredinstancesarepracti-
cally unsolvable.
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As heuristicwe have useda simple�rst-f ail principlefor theval-
ues,i.e. valuesthat aremostconstrainedareto be considered�rst.
Thereforethe rank of a value is taken equalto the numberof the
value's occurrencesin thepartialLatin square,anda higherrank is
regardedbetter. Hence,labelling selectsthe valuewith the highest
rank,anduseslexicographicorderingin caseof ties.Partitioningse-
lectsthesub-domainconsistingof all valueshaving thehighestrank.
The sub-problemsare againbeing solved using DFS. For both la-
bellingandpartitioning,constraintpropagationis appliedthroughout
thewholesearchtree.

In Table2 we report the performanceof labelling andpartition-
ing on a setof partialLatin squarecompletionproblems.It follows
the sameformat as Table 1. The instancesare generatedwith the
PLS-generator[3]. Following remarksmadein [3], ourgeneratedin-
stancesaresuchthatthey aredif�cult to solve, i.e. they appearin the
transitionphaseof the problem.The instances̀b.o25.hm' arebal-
anced25 � 25 partialLatin squares,with m un�lled entries(around
38%). Instances̀ u.o30.hm' are unbalanced30 � 30 partial Latin
squares,with m un�lled entries(around38%).

Althoughpartitioningperformsmuchbetterthanlabellingon av-
erage,theresultsarenothomogeneous.For someinstanceslabelling
hasbetterperformancesw.r.t. partitioning.This canbeexplainedby
the pruning power of the alldifferent constraint.Sincepartitioning
brancheson sub-domainsof cardinality larger thanone,the alldif-
ferent constraintwill remove lessinconsistentvaluescomparedto
branchingon singlevalues,asis thecasewith labelling.Usingpar-
titioning, suchvalueswill only beremovedinsidethesub-problems.
However, even in instanceswherepartitioning is lesseffective, the
differencebetweenthe two strategiesis not sohigh, while on many
instancespartitioningis muchmoreeffective.

As wasalreadymentionedin Section4.1,partitioningeffectively
appliesDFSinsidethesub-problems.For anumberof instances,par-
titioning �nds a solutionearlierthanlabelling,althoughmakinguse
of a highernumberof fails.

5 DISCUSSION

We have seenboththeoreticallyandexperimentallythatpartitioning
is to be preferredover labelling,whensomedomainvaluesarein-
comparablewith respectto oneor moreheuristics.Thereareseveral
additionalbene�tsto partitioning,of whichwewouldliketo mention
two. Thereafterwe discussvariousdrawbacksof partitioning.

The sub-problemsthat are createdby partitioning may be sub-
ject to any applicablesearchmethod.In particular, when the sub-
problemsarelarge,onecouldapplya local searchmethod.Another
possibility is to apply a (mixed-integer) (non)linearprogramming
solver. This allows the userto effectively combineseveral solution
methodsto solve theproblem.

For COPs,proving optimality is oftenmoredif�cult than�nding
a goodsolution.Partitioning cansometimesbe useful to prove op-
timality earlier. In [8], partitioningis appliedto a domainvalueor-
deringheuristicbasedon reducedcosts,togetherwith LDS. For that
particularcase,thepartitioningschemeallowsaveryeffectivebound
computation.

On the other hand,branchingon sub-domainsinsteadof single
valuesdecreasestheeffect of constraintpropagation.This is a seri-
ousdrawbackof partitioning,aswe have seenin Section4.2.It also
affects the boundcomputationof COPs.As was suggestedin [7],
`additive bounding'proceduresmaybehelpful in this case.

Finally, we have only consideredpartitioningon depth-�rst based
searchstrategies.Wearecurrentlyinvestigatingthepossibilityto ef-

labelling partitioning
instance time (s) fails discr time (s) fails discr
b.o25.h238 2.36 668 5 1.09 746 5
b.o25.h239 0.49 15 1 0.42 2 1
b.o25.h240 1.17 179 4 0.86 893 4
b.o25.h241 3.31 772 3 4.70 3123 4
b.o25.h242 2.41 537 3 1.80 1753 4
b.o25.h243 4.06 1082 4 3.96 2542 4
b.o25.h244 1.33 214 3 2.99 2072 4
b.o25.h245 9.40 2308 6 10.66 12906 7
b.o25.h246 2.01 401 5 2.22 1029 4
b.o25.h247 258.91 69105 6 11.66 5727 4
b.o25.h248 33.65 6969 5 0.68 125 2
b.o25.h249 212.76 60543 11 101.46 85533 8
b.o25.h250 2.45 338 2 0.83 687 3
u.o30.h328 273.53 32538 4 82 14102 3
u.o30.h330 21.79 2756 3 25.15 5019 3
u.o30.h332 235.40 30033 5 56.94 9609 3
u.o30.h334 4.18 256 2 6.09 843 2
u.o30.h336 1.73 69 2 0.76 12 1
u.o30.h338 49.17 5069 3 29.41 8026 3
u.o30.h340 1.68 91 2 0.81 66 2
u.o30.h342 28.40 3152 3 5.41 600 2
u.o30.h344 9.05 605 2 8.35 1103 2
u.o30.h346 2.15 101 2 3.76 482 2
u.o30.h348 43.80 2658 2 32.86 2729 2
u.o30.h350 1.16 46 1 0.80 12 1
u.o30.h352 5.10 288 2 0.95 32 1
sum 1211.45 220793 91 396.62 159773 81
mean 46.59 8492.04 3.50 15.25 6145.12 3.12

Table 2. Resultsfor PLScompletionproblems.

fectively applypartitioningto breadth-�rstbasedsearchstrategiesas
well.
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