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Abstract. Solutiontechniquedor ConstraintSatisaictionandOp-

timisation Problemsoften make use of backtracksearchmethods,
exploiting variableand value orderingheuristics.In this paper we

proposeandanalysea very simplemethodto applyin casethevalue
orderingheuristic producesties: postponing the branching deci-

sion. To this end,we grouptogethervaluesin atie, branchon this

sub-domainand deferthe decisionamongthemto lower levels of

the searchtree. We shav theoreticallyand experimentallythat this

simple modi cation candramaticallyimprove the ef ciency of the
searchstratgy. Althoughin practisesimilar methodamayhave been
appliedalready to our knowledge,no empiricalor theoreticalstudy
hasbeenproposedn theliteratureto identify whenandto what ex-

tentthis stratey shouldbe used.

1 INTRODUCTION

ConstraintSatisiction Problems(CSPs)and ConstraintOptimisa-
tion ProblemgCOPs)arede ned on a setof variablesrepresenting
problementities.Variablesangeon nite domainsandaresubjecto
asetof constraintghatde ne thefeasiblecon gurationsof variable-
valueassignmentsA COPiIn additionhasanobjectie functionto be
optimised.A solutionto a CSPor a COPis a variable-alueassign-
mentrespectingll constraintsandoptimisingthe objective function
if presentWhenbeingsolvedwith ConstraintProgrammingthe so-
lution processnterlearesconstrainpropagatiorandsearch.

A generalvay of building asearchreefor solvingCSPsandCOPs
is calledlabelling. Labelling consistsn selectinga variableandas-
signing it a single value from its domain. The variable and value
selectionare guided by heuristics.In particular a value-selection
heuristicranksvaluesin sucha way that the mostpromisingvalue
is selectedrst. Concerningvalue-selectiorheuristics,we consider
thefollowing situations.

If the heuristicregardstwo or morevaluesequally promisingwe
say the heuristic producesa tie, consistingof equally ranked do-
main values.The de nition of ties canbe extendedto the concept
of heuristicequivalencd?2] thatconsidersequialentall valuesthat
receve arankwithin agivenpercentagérom avaluetakenasrefer
ence.

A similar situationoccurswhendifferentdomainvalue heuristics
areappliedsimultaneouslyOften a problemis composedf differ-
entaspectsfor instanceoptimisationof pro t, resourcebalanceor
feasibility of someproblemconstraintsFor eachof thoseaspectsa
heuristicmay be available.However, applyingonly onesuchheuris-
tic oftendoesnotleadto a globally satisactorysolution.Thegoalis
to combinetheseheuristicsinto one global domainvalue heuristic.
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Many combinationsare usedin practise:(i) to follow the heuristic
thatis regardedmostimportant,and apply a different heuristicon
valuesbelongingto thetie, (ii ) to de ne a new heuristic(thatmight
still containties)asthe (weighted)sumof theranksthateachheuris-
tic assigngo adomainvalueor (iii ) rankthedomainvaluesthrough
a multi-criteria heuristic.In this third case,a domainvalue hasa
higherrank thananotherdomainvalueif it hasa higherrank with
respecto all heuristics.With respecto the multi-criteria heuristic,
somevaluesmay be incomparableTheseincomparablevaluesto-
getherform atie.

The two casesconsideredabove describethe samesituation:the
usedheuristic(s)de ne(s) a partial order on the values' ranks.In
thesecases)abelling choosesone of thesevaluesand brancheson
it. In traditionaltree searchvaluesare chosenaccordingto a deter
ministic rule, for instancelexicographicorder More recently ran-
domisationhasbeenappliedto thesechoices,see[2]. We propose
a simple, yet effective methodthatimproves the ef ciency of tree
searchn thesesituations:avoid makingthis choiceandpostponghe
branchingdecision.

Postponingbranchingdecisionsis practically used upon back-
tracking in schedulingapplications[1] when the chronolagical
heuristicis chosenWe selectthe activity A with the smallestear
lieststarttime est andassignit to this value.Uponbacktrackingwe
postponehedecisionfor A andgo on assigninga differentactivity.
Themotivationunderlyingthis postponemeris thataftera schedule
that assignsactivity A to est is found (or the searchhasfailed), it
is unlikely thatassigningactiity A to est+ 1 would producemuch
bettemresultsIndeedyaluesest andest+ 1 areequialent(i.e.,form
atie) for theschedulingapplication.

We proposehereto apply decisionpostponemensystematically
in caseof ties. Therefore equivalentvaluesaregroupedogetheiin a
sub-domairanda branchings performedon thewhole sub-domain,
while thosethatareclearly ranked by the heuristicarestill assigned
singularlyto a variable.We call this methodpartitioning. Eventhis
simple changecan dramaticallyimprove the efciency of the tree
searchaswe will seelater. In addition,partitioninghasanotherim-
portantadwantage:it enhanceshe boundcomputation(in particu-
lar whenusedin conjunctionwith LDS), asshavn in [7] wherea
stratgyy usingpartitioningis presentedMoreover, partitioninggen-
eratessub-problemsto which ary appealingsearchmethod may
be applied,speedingup the solution processHowever, partitioning
hasalsosomedravbacks.In particular whenconstrainpropagation
heaily reliesonvariableinstantiationpartitioningmayresultin less
propagationNeverthelesswhenwe apply a fastsolutionmethodto
the generatedsub-problemspartitioning canstill be favourablein-
steadof labelling.

Although domain partitioning and labelling have beenalready
usedfor solving CSPsand COPs to our knowvledgethereis no the-
oreticalandpracticalstudythatindicatesto practitionersvhenthey



shouldbe applied.In this paperwe discusghe effect of domainpar
titioning to searchstratgiesthatinclude depth- rst search]imited
discrepang searchandvariants.

The outline of this paperis asfollows. In Section2 we de ne the
conceptsandthe backgroundf our work. In Section3 a theoretical
comparisorof partitioning andlabelling is given. This is followed
by an experimentalcomparisonin Section4. We concludewith a
discussiorin Sectionb.

2 BACKGROUND

A constrainsatishctionproblem(CSP)consistof a setof variables

constraints<C onthesevariables A constraintoptimisationproblem
(COP)is a CSPtogethemvith anobjective functionto be optimised.

We recall the conceptsof labelling and partitioning, which are
standardandwidely usedin searchstratgjiesfor solving CSPsand
COPs.During the searchfor a solution,a searchreeis built by sub-
sequentlytaking branchingdecisions A branchingdecisionimplies
rst avariableselection.Then,labelling chooses singlevalueand
assignghevariableto thatvalue.Uponbacktrackinganothewalueis
assignedintil no morevaluescanbefoundin thedomain.Formally,
for variablex;, labelling generatethe assignments

Xi = dil_Xi = diz_'Zi_Xi = di|

On the other handpartitioning is a techniquethat partitionsthe
domainof a variable and brancheson the resulting sub-domains,
which may consistof only a singlevalue. A very simple example,
widely usedin CSPs,is to split a numericaldomainin two sets:
the rst containingvaluessmalleror equalthan a given threshold
T, the secondcontainingvaluesgreaterthan T. For example,if a

X 5 _ X > 5. This domaincan also be partitionedin differ-
entwayslikeX 2 f4;5;6g X 2 f1;3;7;8g_ X 2 f2;9;10g.
Formally, for variablex;, partitioninggenerateshe branching

;2D _x;2D? _:ii_x;2DP
whereD!;:::DM isa partition of D;. In this work, the partition
will be de ned by the ties of the value-selectiorheuristic,i.e. each
D! consistof all valuesbelongingto the sametie.

Constructinga searchtreevia labellingleadsto theappearancef
leaves only at depthn. Constructinga searchtree via partitioning
leadsto a sub-problemat depthn. If all assignedsub-domainsare
single-\alued this sub-problemis aleaf. Otherwisethe sub-problem
mustbe searchedgain,throughlabelling or partitioning.In this pa-
per, wewill alwayssearchthesub-problenvialabelling. Thismeans
thattheleavesof the searchireeappeaiat depthbetweem and2n.

A searclstratgy de nestheorderin whichthe nodesof asearch
tree are beingtraversed.We considerin this paperonly depth- rst
basedsearchstratgies.A depth- rst basedsearchstrat@y traverses
the searchtree by going from a nodeto oneof its successorgntil
it reaches leaf. Examplesof depth- rst basedsearchstratgiesare
depth- rst search(DFS), limited discrepang search(LDS) [4] and
depth-boundediscrepang search(DDS) [11].

A discrepang (of a certainvalue)is a branchingdecisionthatis
not selectedrst by the domainvalue orderingheuristic.For LDS
and DDS, the cumulatie discrepang of a pathfrom the rootto a
nodemay not exceeda givenlimit. LDS graduallyallows this limit
toincreasauringsearchDDS follows LDS until acertaindepth but

allows only heuristicchoices(discrepang 0) belawv this depth.The
value of discrepang of a branchingdecisionis equalto the num-
berof precedingoranchingdecisionsatthe currenttreenode.ln case
of labelling,the discrepang increasesvith value 1 for eachdomain
value.For partitioning,thediscrepang valueincreasesvith thenum-
berof domainvaluesin eachsub-domainHowever, belov depthn,
i.e.insideasub-problemwe saythatno branchingdecisionincreases
thediscrepang

3 THEORETICAL COMPARISON

This sectionshavs, on a probabilisticbasis thatpartitioningis more
bene cial thanlabelling in casethe (combined)heuristicproduces
ties.In this sectionwe do not considerconstrainipropagation.

Similar to the analysisof LDS by Harvey and Ginsbeg [4], we
introducea probabilitythatthe heuristicmakesa correctchoice.Let
thesearchreeconsistof goodandbadnodesA nodeis calledgood
if oneof its successoris a (optimal) solutionto the CSP Otherwise,
the nodeis called bad. The heuristic probability 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 and Ginsbeg assumehat this proba-
bility remainsconstanthroughoutthe searchiree.To analyseDDS,
Walsh[11] introducesa similar probability but explicitly assumes
thatit increasesvith thedepth.In bothcaseshinarysearchreesare
consideredwhile our analysisis notrestrictedo binarytrees.

The analysisof partitioning with respectto labelling should be
basednthesolefactthattheheuristicproducegies.Hence we may
assumehattheheuristicprobabilityremainsconstanthroughouthe
searchree.Theheuristicprobabilityis denotedy pi‘f;; corresponding

to assigningvalued 2 D; to variablex;. Notethat 420, pf = 1,

di; di, . ..
andwe explicity assumep, ' > p;'* if the heuristicprefersd;;
over di, . If the heuristicproducesatie for xi, including valuesd;,
anddik,thenpidlj = pk.
Let a searchtree be de ned by a certainvariable orderingand
domainvalue heuristic.A leaf | of the searchtree consistsof the
instantiationof all n variables:

Thus,aleaf caneitherbea (optimal) solutionor not. The probability
of aleafl beingsuccessfuis

Y a
prob(l) = uE
fxi:dii g2l

Whenwe apply a certainsearchstratgy to a treede ned by la-
belling or by partitioning,leavesarevisited in a differentorder An
exampleof the probability distribution alongthe leavesof thediffer-
entsearchtreesis givenin Figure 1. Thetreescorrespondo 2 vari-
ables,both having 3 domainvalues.The branchesareorderedfrom
left to right following theheuristics choice . Theheuristicprobability
of successor is shavn for eachbranch.Note thatthe heuristicpro-
ducesatie, consistingof two values for the rst variable.Labelling
follows the heuristicon single values,while partitioninggroupsto-
gethervaluesin thetie. For DFS andLDS, the orderin which the
leavesarevisitedis given, togetherwith the cumulative probability
of successNotethatfor every leaf, partitioningalwayshasa higher
(or equal)cumulatve probability of successhanlabelling. This will
be formalisedin Theoreml. Note alsothatin a sub-problengener
atedby partitioningall leaveshave the sameprobability of success.
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@ leaf

|E| subproblem
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DFS:  order: 1 2 3 4 5 6 7 8 9
X prob(/): 0.20 0.40 0.52 0.64 0.72 0.80 0.90 0.96 1.00

DFS:  order: 1 2 3 4 5 6 7 8 9
X prob(/): 0.20 0.32 0.40 0.60 0.72 0.80 0.90 0.96 1.00
LDS: discr: 0 1 2 1 2 3 2 3 4
order: 1 3 6 2 5 8 4 7 9

T prob(/): 0.20 0.52 0.82 0.40 0.74 0.96 0.62 0.88 1.00

LDS: disecr: 0 0 1 1 2 2 2 3 4
order: 1 2 3 4 6 7 5 8 9
= prob(/): 0.20 0.40 0.52 0.64 0.82 0.90 0.74 0.96 1.00

a. labelling

b. partitioning

Figure1l. Cumulatie probabilityof successisingDFSandLDS.

This propertyfollows immediatelyfrom the constructiorof the sub-
problemsAs aconsequenceyry searctstratgy appliedto this sub-
problemwill be equallylikely to be successfulln practise we will
thereforeuseDFSto solve the sub-problems.

Theorem1 Fora xed variableorderinganda domainvalueorder
ing heuristic,let Tiap e be the seach treede ned by labelling, and
let Tpariion  bethe seach treede ned by partitioning, groupingto-
getherties. Let the setof the r st k leaf nodesvisited by labelling
and partitioning be denotedcby L K, o andL Eamﬁon respectivelylf
Tiab el @nd Tparition ~ are traveisedusingthe samedepth- rst based

seach strategy then
X X
prob(l) prob(l): (2)
2L l;;a\rtition 2L :(ab el

Proof. Fork = 1, (1) obviously holds.Let k increaseauntil labelling
and partitioning visit a leaf with a differentprobability of success,
sayli?®® andIP*™"  respectiely. If suchleavesdo not exist, (1)
holdswith equalityfor all k.

Assumenext thatsuchleavesdo exist, andlet 12° ® and|
bethe rst leaveswith adifferentprobability of successAs theleafs
are different, thereis at leastone differentbranchingdecisionbe-
tweenthe two. The only possibility for this differentbranchingde-
cision is that we have encountered tie, becauseartitioning and
labellingbothfollow the samedepth- rstbasedsearchstratgy. This
tie madepartitioning createa sub-problems, with [P*™°" 2 g
andI??® 2 S If labellingmadea branchingdecisiondifferentfrom
partitioning,with a higherprobability of beingsuccessfulthenpar
titioning would have madethe samedecision.Namely partitioning
andlabellingfollow the samestrateyy, andthe heuristicprefersval-
ueswith ahigherprobability Soit mustbethatadifferentbranching
decisionmadeby labelling hasa smalleror equalprobability of be-
ing successfulvith respectto the correspondinglecisionmadeby
partitioning. However, aswe have assumedhat prob(IP*™" ) 6
prob(112 ¢, theremustbe at 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 12°€. On the other

partition
k

hand, labelling will visit leaves | that are either in S or not,
all with prob(l) prob(12™°" ). However, as partitioning
follows the same searchstratgy as labelling, partitioning will

either visit a leaf of a sub-problem,or a leaf that labelling
pas already visited (pgssibly simultaneously).In both cases,

2L l;;a\rtition prOb(l) 2L Ikab el prOb(l) 2

Next we measurehe effect thatthe numberof tieshason the per
formanceof partitioningwith respecto labelling.For thisreasonye
vary the numberof tiesin a x edsearchreeof depth30. A branch-
width of 3 will be usedin all casesasthis allows ties,anda larger
branch-widthwould malke it impracticalto measuresffectively the
performanceof labelling. Dependingon the occurrenceof artie, the
heuristicprobabilityp; of branchi will bechosereither

p1 = 0:95, p2 = 0:04, ps = 0:01 (notie), or
p1 = 0:495 p, = 0:495 ps = 0:01 (tie).

Ourmethodassumes x edvariableorderingin thesearchree,and
uniformly distributesthe tiesamongthem.This is reasonablesince
in practiseties can appearunexpectedly We have investigatedthe
appearancef 10%, 33% and50%ties out of the n branchingdeci-
sionsthatleadto aleaf.In Figure2.aandb., we reportthecumulatve
probability of succesdor labelling and partitioningusing DFS and
LDS until 50000leaves. Note thatin Figure 2.athe graphsfor la-
bellingwith 33%and50%tiesalmostcoincidealongthex-axis.The
gures shav thatin the presencef ties partitioningmay be much
more bene cial thanlabelling, i.e. the strict gapin (1) canbe very
large.

4 EXPERIMENT AL COMPARISON

This sectionpresentomputationakesultsof two applicationsfor
which we have comparedartitioningandlabelling. 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 testthe methodsThe TSPis anoptimisationproblemwhere
the propagationis quite poor and the heuristicusedis very infor-
mative but producegnot very large indeed)ties. Instead PLSCPis
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Figure2. Partitioningversusabellingon searcttreesof depth30 andbranch-width3.

a constraintsatisfiction problemwhosemodel containsmary all-
different constraintswhose ltering algorithmis particularly effec-
tive. The heuristicusedis quite goodandsometimegroducedies.
Thereforethetwo problemshave oppositestructureandcharacteris-
tics. Forthe TSPpartitioningis very suitablesincetheonly dravback
of themethod,.e.,thedecreasedffect of propagationgdoesnot play
ary role.Onthecontrarythe PLSCPis aproblemwhosecharacteris-
tics arenot suitablefor the partitioning. Thereforewe will pointout
alsothe weaknes®f the method.For eachapplicationwe statethe
problem,de ne the appliedheuristicand reportthe computational
results.For bothproblemswe apply LDS assearctstrateyy.

The applicationsare implementedon a Pentium1Ghz with 256
MB RAM, usingILOG Solver5.1[6] andCplex 7.1[5].

4.1 Travelling SalesmanProblem

Thetravelling salesmamroblem(TSP)is atraditionalNP-hardcom-
binatorialoptimisationproblem.Given a setof citieswith distances
(costs)betweerthem,the problemisto nd aclosedtour of minimal
lengthvisiting eachcity exactly once.

For the TSR, we have useda constraintprogrammingmodeland
a heuristicsimilar to [8] basedon reducedcosts.Sub-problemsre
beingsolved usingDFS, sinceall learescanbe consideredo have
equalprobability of beingsuccessful.

To comparelabelling and partitioning fairly, we stop the search
assoonasan optimal solution hasbeenfound. For the considered
instancesthe optimal valuesare known in adwance.The proof of
optimality shouldnot betakeninto accountbecausét is notdirectly
relatedto the probabilityof a branchbeingsuccessful.

The resultsof our comparisonare presentedn Table 1. Thein-
stancesaretakenfrom TSPLIB[10] andrepresensymmetricTSPs.
For labellingandpartitioning,the tableshavs thetime andthe num-
ber of fails (backtracks)heededo nd anoptimum.For labelling,
thediscrepang of theleafnodethatrepresentshe optimumis given.
For partitioning,thediscrepang of thesub-problenthatcontainghe
optimumis reported.

For all instancegut one, partitioning performsmuchbetterthan
labelling. Both the numberof fails and the computationtime are

substantiallyless for partitioning. Obsere that for the instance
“dantzig42'labellingneeddessfails thanpartitioning,but usesmore
time. This is becausepartitioning solves the sub-problemsusing
DFS. Partitioning can visit almostthreetimes more nodesin less
time, becausét lacksthe LDS overheadnsidethe sub-problems.

labelling partitioning
instance | time(s) fails discr | time(s) fails discr
grl7 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 231 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. meansnotapplicable'dueto time limit (900s).

Tablel. Resultsfor nding optimaof TSPinstancegnot praving
optimality).

4.2 Partial Latin Square Completion Problem

The Partial Latin SquareCompletionProblem(PLSCP)is a well
known NP-completecombinatorialsatishction problem. A Latin
squareis ann  n squarein which eachrow and eachcolumnis

a partially pre-assignesgquare.The PLSCPis the problemof ex-
tendinga partial Latin squareto a feasible(completely lled) Latin
square.

The constraintprogrammingmodelis straightforvard, usingall-
different constraintson the rows and the columns,with maximal
propagationThemaximalalldifferentpropagatior{achiezing hyper
arc consisteng [9]) is of greatimportancefor solving the PLSCP
With lesspowerful propagationthe considerednstancesre practi-
cally unsohable.



As heuristicwe have useda simple rst-f ail principlefor the val-
ues,i.e. valuesthat are mostconstrainedareto be consideredrst.
Thereforethe rank of a valueis taken equalto the numberof the
value's occurrencesn the partial Latin squareanda higherrankis
regardedbetter Hence,labelling selectsthe value with the highest
rank,andusedexicographicorderingin caseof ties. Partitioningse-
lectsthe sub-domairconsistingof all valueshaving the highestrank.
The sub-problemsare againbeing solved using DFS. For both la-
bellingandpartitioning,constrainpropagations appliedthroughout
thewholesearchree.

In Table 2 we reportthe performanceof labelling and partition-
ing on a setof partial Latin squarecompletionproblems.lt follows
the sameformat as Table 1. The instancesare generatedvith the
PLS-generatof3]. Following remarksmadein [3], ourgeneratedn-
stancesresuchthatthey aredif cult to solwe,i.e.they appeaiin the
transitionphaseof the problem.The instancesb.025.lm" are bal-
anced25 25 partialLatin squareswith m un lled entries(around
38%). Instancesu.030.im" are unbalanced30 30 partial Latin
squareswith m un lled entries(around38%).

Although partitioningperformsmuchbetterthanlabelling on av-
eragetheresultsarenothomogeneoud-or someinstancesabelling
hasbetterperformancesuv.r.t. partitioning. This canbe explainedby
the pruning power of the alldifferent constraint.Since partitioning
branchewon sub-domainf cardinality larger than one, the alldif-
ferent constraintwill remove lessinconsistentvaluescomparedo
branchingon singlevalues,asis the casewith labelling. Using par

titioning, suchvalueswill only beremovedinsidethe sub-problems.

However, evenin instancesvherepartitioningis lesseffective, the
differencebetweerthe two stratgiesis not so high, while on mary
instancegartitioningis muchmoreeffective.

As wasalreadymentionedn Section4.1, partitioningeffectively
appliesDFSinsidethesub-problems-or anumberof instancespar
titioning nds asolutionearlierthanlabelling, althoughmakinguse
of ahighernumberof fails.

5 DISCUSSION

We have seerboththeoreticallyandexperimentallythatpartitioning
is to be preferredover labelling, when somedomainvaluesarein-
comparablavith respecto oneor moreheuristics Thereareseveral
additionalbene tsto partitioning,of whichwewouldlik e to mention
two. Thereaftemwe discussvariousdravbacksof partitioning.

The sub-problemghat are createdby partitioning may be sub-
ject to ary applicablesearchmethod.In particular when the sub-
problemsarelarge, onecouldapply a local searchmethod.Another
possibility is to apply a (mixed-integer) (non)linear programming
solver. This allows the userto effectively combineseveral solution
methoddo solve the problem.

For COPs,proving optimality is oftenmoredif cult than nding
a goodsolution. Partitioning can sometimese usefulto prove op-
timality earlier In [8], partitioningis appliedto a domainvalue or-
deringheuristichasedon reducecdcosts togethemwith LDS. For that
particularcasethepartitioningschemallows avery effective bound
computation.

On the other hand,branchingon sub-domainsnsteadof single
valuesdecreasethe effect of constraintpropagationThis is a seri-
ousdrawbackof partitioning,aswe have seenin Section4.2.1t also
affects the bound computationof COPs.As was suggestedn [7],
“additive bounding'proceduresnaybehelpfulin this case.

Finally, we have only consideredartitioningon depth- rst based
searchstratgies.We arecurrentlyinvestigatingthe possibility to ef-

labelling partitioning
instance time(s) fails discr | time(s) fails discr
b.025.h238 2.36 668 5 1.09 746 5
b.025.h239 049 15 1 042 2 1
b.025.h240 1.17 179 4 0.86 893 4
b.025.h241 331 772 3 470 3123 4
b.025.h242 241 537 3 1.80 1753 4
b.025.h243 4.06 1082 4 3.96 2542 4
b.025.h244 1.33 214 3 299 2072 4
b.025.h245 9.40 2308 6 10.66 12906 7
b.025.h246 2.01 401 5 2.22 1029 4
b.025.h247| 258.91 69105 6 11.66 5727 4
b.025.h248 33.65 6969 5 0.68 125 2
b.025.h249| 212.76 60543 11 101.46 85533 8
b.025.h250 245 338 2 0.83 687 3
u.030.h328| 273.53 32538 4 82 14102 3
u.030.h330 21.79 2756 3 25.15 5019 3
u.030.h332| 235.40 30033 5 56.94 9609 3
u.030.h334 418 256 2 6.09 843 2
u.030.h336 1.73 69 2 0.76 12 1
u.030.h338 49.17 5069 3 29.41 8026 3
u.030.h340 168 91 2 0.81 66 2
u.030.h342 28.40 3152 3 5.41 600 2
u.030.h344 9.05 605 2 8.35 1103 2
u.030.h346 215 101 2 3.76 482 2
u.030.h348 43.80 2658 2 32.86 2729 2
u.030.h350 1.16 46 1 0.80 12 1
u.030.h352 5.10 288 2 0.95 32 1
sum 121145 220793 91 396.62 159773 81
mean 46.59 8492.04 3.50 15.25 6145.12 3.12

Table2. Resultsfor PLScompletionproblems.

fectively apply partitioningto breadth- rstbasedsearctstratgiesas
well.
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