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Abstract.Pseudo-treesearchisawellknownalgorithmforCSP
solving.Itexploitstheproblemstructuretodetectindependentsub-
problemsthataresolvedseparately.Itsmainadvantageisthatitsrun
timecomplexityisboundedbyaproblemstructuralparameter.In
thispaper,weextendthisideatosoftconstraintproblems.Weshow
thatthesamegeneralprinciplesapplytothisdomain.However,a
naiveimplementationisnotcompetitivewithstate-of-the-artalgo-
rithms,becausesolvingindependentproblemsseparatelymayyield
apooralgorithmicefficiencyduetolooseupperbounds.Weintro-
ducePT-BB,abranch-and-boundalgorithmthatperformsefficient
pseudo-treesearch.Itsmainfeatureistheuseoflocalupperbounds
whichcanimproveoverlooseglobalupperbounds.Wealsoshow
thatPT-BBcombinesnicelywithrussiandollsearch(RDS),produc-
inganinterestingalgorithm.

1INTRODUCTION

Constraintsatisfactionproblems(CSPs)involvetheassignmentof
valuestovariables,subjecttoasetofconstraints.Manyinterest-
ingproblemscanbemodelledasCSPs.Solvingtechniquescanbe
roughlydividedintosearchanddecompositionmethods.Themain
advantageofsearchisitspolynomialspacecomplexity.Itsmaindis-
advantageisitstimecomplexity,exponentialonthenumberofvari-
ables.Themainadvantageofdecompositionmethodsistheirtime
complexity,exponentialonatopologicalparametercalledwidth.The
widthisalwayslessthanorequaltothenumberofvariablesand
someimportantproblemshavesmallwidth.Themaindisadvantage
isthespacecomplexity,alsoexponentialonthewidth.Thehigh
spacecomplexitymakesthesemethodsimpracticalinmanycases.

Pseudo-treesearch,introducedbyFreuderandQuinnforCSP[4],
isasearchalgorithmthatexploitstheproblemstructuretomake
searchmoreefficient.Searchisconductedoverapseudo-treear-
rangementoftheproblemwhichallowsthedetectionofindepen-
dentsubproblemsthataresolvedseparately.Thealgorithminher-
itsfromsearchmethodsitspolynomialspacecomplexity.Italso
has,similarlytodecompositionmethods,aboundedtimecomplexity

�������		,where�istheheightofthepseudo-treearrangement.In-
terestingly,BayardoandMiranker[1]showedthat�isnomorethan
alogarithmawayofthewidthusedbydecompositionmethods.

Inthelastyears,theCSPframeworkhasbeenaugmentedwiththe
so-calledsoftconstraintswithwhichitispossibletoexpressprefer-
encesamongsolutions[9,3].Softconstraintframeworksassociate
coststotuplesandthegoalistofindacompleteassignmentwith
minimumcombinedcost.Therefore,softconstraintsspecifyopti-
mizationproblems,whichincreasestheexpressivityoftheframe-
workandtherefore,itsapplicability.
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Inthispaperweextendpseudo-treesearchtosoftconstraintprob-
lems.Forsimplicityreasons,wewilldevelopourworkforweighted
CSPs(WCSPs),wherecostsarenaturalnumbersandglobalcosts
arecomputedbysummingpartialcosts.Theextensiontoothersoft-
constraintframeworksisdirect.Weintroducepseudo-treebranch-
and-bound(PT-BB),anoptimizationalgorithmexploitingpseudo-
treearrangements.WeshowthatgeneralideasdevelopedfortheCSP
caseapplydirectlytosoftconstraintproblems.However,anaiveim-
plementationisnotcompetitivewithstate-of-the-artalgorithms.The
reasonisthatindependenceinoptimizationsubproblemsmeansso-
lutionindependence(i.e.,theglobalsolutioncanbecorrectlycom-
putedbysolvingsubproblemsseparately).However,thereisnotef-
ficiencyindependencebecausesolvingsubproblemsseparatelypro-
duceslooseupperboundsforeachsubproblem.Looseupperbounds
implyweakpruningcapabilitiesand,consequently,aninefficient
execution.Weovercomethisproblemwiththeuseoflocalupper
bounds,whichmayimproveoveralooseglobalupperbound.

2PRELIMINARIES

Abinaryweightedconstraintsatisfactionproblem(WCSP)isatriple 

�������	.�����������isasetofvariables.Eachvariable �

��hasafinitedomain����ofvaluesthatcanbeassigned
toit.�

�
��	denotestheassignmentofvalue����tovariable

�

.
Atuple�isanorderedsetofvaluesassignedtotheorderedsetof
variables����.If isasubsetof��,theprojectionof�over 

isnotedas�!".�isasetofbinarysoftconstraints.Asoftconstraint #
�$isacostfunctionoverbinarytuples(i.e.,

#
�$%��&�$'().

Thecostoftuple�,noted)*+���	,isthesumofallapplicablecosts,

)*+���	�, -./0123�2$4567

#
�$��!3�2$4	

Thegoalistofindacompleteassignmentwithminimumvaluation,

89: �;<�<=7>=�)*+���	�

Branch-and-bound(BB)isasearchalgorithmforWCSPsolving
[7,5,9].Ittraversesthesearchtreedefinedbytheproblem,wherein-
ternalnodesrepresentincompleteassignmentsandleafnodesstand
forcompleteones.Duringthetraversal,BBkeepsthecostofthe
bestsolutionfoundsofar.Itscostisanupperbound(?@)ofthebest
costintheproblem.Ateachinternalnode,definedbyitscurrentpar-
tialassignment�,thealgorithmcomputesalowerbound(A@)which
underestimatesthebestsolutionthatcanbefoundbyextending�.
When?@BA@,thecurrentbestcostcannotbeimprovedbyextend-
ing�.Consequently,thealgorithmbacktrackspruningthesubtree
belowthecurrentnode�.ThetimecomplexityofBBisexponential
onthenumberofvariablesandthespacecomplexityispolynomial.
Atagivennode,?@CA@iswhatwecalltheuncertaintygap.Itiswell



functionBB���������?@	returnnat;
1if����	thenreturn89:�?@�)*+���	�;
2else
3

�
�PopVar��	;

4foreach����do
5��������

�
��	;

6A@�LB(����������);
7if�A@�?@	then
8��

�LookAhead������������?@	;
9if(�EmptyDom(��))thenA@�BB(���������

���?@);
10if�A@�?@	then?@�A@;
11return?@;
endfunction

Figure1.BranchandBound.

known[5,11,6]thattheaverageefficiencyofBBheavilydepends
ontheavailabilityofgoodboundsproducingsmalluncertaintygaps
atinitiallevelsofthesearchtree.

Figure1showsBB,arecursivebranch-and-boundbasedalgorithm
enhancedwithalook-aheadprocessinwhichunfeasiblevaluesare
pruned[5].BBreceivesthecurrentproblemdefinedbythetuple
containingthecurrentassignment�,thesetoffuture(unassigned)
variables�,thecurrentdomains�,thesetofconstraints�andthe
globalupperbound?@.Ifthecostofthebestextensionof�isless
than?@,thealgorithmreturnsthatcost.Else,thealgorithmreturns

?@.Therefore,thebehaviorofBBisdefinedas,

BB���������?@	�89:�?@�89: ���)*+���
�

	��
where��isanextensionof�tovariablesin�.
BBworksasfollows:Iftheset�isempty,theresultistrivially

computed(line1).Else,itselectsavariable

�

anditeratesoverits
values(lines3,4).Foreachvalue����thecurrentassignment�

isextendedto�
�

��	andstoredin����(line5).Next,thealgorithm
computesalowerboundA@(line6).Ifthelowerboundisgreaterthan
orequalto?@,thecurrentsubproblemdoesnotneedtobesolved
becausethereisnosolutionimprovingover?@(line7).Therefore,
thealgorithmproceedstothefollowingdomainvalue.Else,alook-
aheadprocedureisexecutedinwhichunfeasiblevaluesareremoved
fromfuturedomains(line8).Ifnoemptydomainisdetected,the
currentproblemisrecursivelysolvedwith?@asglobalupperbound,
andthesolutionisstoredinvariableA@(line9).IfA@issmallerthan
theglobalupperbound?@,abettersolutionhasbeenfoundso?@is
updated(line10).Aftertryingallfeasiblevaluesofvariable

�

,the
costofthebestsolutionremainsin?@,whichisreturned(line11).

3PSEUDO-TREESEARCH

TheconstraintgraphofaCSPinstanceisanundirectedgraphhaving
problemvariablesasnodesandedgesconnectingpairsofconstrained
variables.Apseudo-treearrangementofaconstrainedgraph[4,1]is
arootedtreewiththesamesetofverticesastheconstraintgraphand
thepropertythatadjacentverticesfromtheconstraintgraphmustbe
inthesamebranchoftherootedtree.Figure2.�showsaconstraint
graphofaCSPwithsevenvariablesandsixconstraints.Foreach
variable

�
����	,thereisaconstraint

#
�2�

.Figure2.@showsone

ofthemanypseudo-treearrangementsthatarepossible.Solidlines
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Figure2.��Aconstraintgraphand
�apseudo-treearrangement.

indicatetheedgesinthepseudo-tree.Dottedlinesaretheedgesin
theoriginalconstraintgraph.

Pseudo-treesearchforCSPs[4]assignsvariablesaccordingtoa
pseudo-treearrangement.Startingfromthepseudo-treeroot,ifthe
currentvariablehas���childreninthepseudo-tree,thecur-
rentproblemcanbedividedinto�independentsubproblems.Each
subproblemincludespreviousassignmentsinthepathfromthesub-
problemtotheroot.Thesesubproblemscanbesolvedindependently.
Thecurrentproblemhasasolutioniffeveryindependentsubproblem
hasasolution.Pseudo-treesearchhastimecomplexity��A�����		,
whereAand�arethenumberofleavesandtheheightofthepseudo-
tree,respectively.Pseudo-treesearchispolynomialinspace.

Theextensionofpseudo-treesearchtoWCSPsolvingrequiresthe
introductionofthepreviousideastothebranch-and-boundscheme.
Letusillustrateitthroughanexample:ConsideraWCSPinstance

������	,whosevariablescanbepartitionedintothreesets��
�����suchthatnoconstraintconnectsvariablesfrom�and�.

AssumethatwearesolvingtheproblemwithalgorithmBB.Thecur-
rentupperboundis?@,thecurrentassignmentis�,whichassignsall
variablesin�.Therefore,thecurrentproblemis



���������	,

wherethesetoffuturevariablesis�����.




isseparableinto
twosubproblems:



������������	and



������������	.

��and��denotethecurrentdomainsofvariablesin�and�,re-
spectively.��and��denotethesetofconstraintsmentioningvari-
ablesin�and�,respectively.Thesetwoproblemsareindependent
becausetheydonotshareanyconstraint.

Let��and��bethecostoftheoptimalsolutionto



�and 


�,respectively.Clearly,theoptimalcostof




(thatis,themini-
mumcostamongassignmentsincludingtuple�)canbecomputedas

�������C)*+���	,since



�and



�havenoconstraintsincom-

mon.Notethat)*+���	needstobesubstracted,becauseithasbeen
countedtwice.Therefore,




canbesolvedbysolvingitsindependent
subproblems



�and



�separately.

Considernowthatwewanttosolve



�and



�bytwoindepen-

dentcallstoBB,startingwith



�.WemustcallBBwith



�andan

appropriateupperbound?@�.Aimingatefficiency,wewant?@�as
lowaspossible,inordertodecreasetheuncertaintygapforthesub-
probem.Thesimplestideaistouse?@��?@,themaximumaccept-
ablecostforthewholeproblem




.Abetterapproachistocompute

A@�,alowerboundofthecostofsolving



�.Then,A@�C)*+���	 isanecessarycostofextending�to�.Consequently,wecanuse



?@��?@CA@��)*+���	,becauseanyhighercostin



�cannotbe

possiblyextendedto�withcostbelow?@.Thisapproachmaystill
betooweakwhenA@�isabadlowerbound,becausewearepassing
tothelocaltaskofsolving



�theglobaluncertaintygapin




.One
waytoovercomethisproblem,istocomputealocalupperbound

A?@�ofthecostsolutionof



�.If?@CA@��)*+���	isabadupper

bound,itmaynotbecostlytofindaA?@�below?@CA@��)*+���	.
Then,wecanuse?@��89:�A?@��?@CA@��)*+���	�when
solving



�.

Aftersolving



�,wemustcallBBwith



�andanappropriate

upperbound?@�.Wecanset?@�to?@C���)*+���	,thecost
thatwehaveleftfor



�aftersolving



�.Again,wecancompute

alocalupperboundA?@�andtaketheminimumbetweenthetwo
upperbounds,butnowthatwehavetheactualsolutionof



�,itis

moreunlikelythatwecanimproveover?@�.
Figure3showsPT-BB,whichimplementspseudo-treebranchand

bound.Itextendstheideasdiscussedinthepreviousexampletoan
arbitrarynumberofindependentsubproblems.PT-BBassumesthat
variablesareselectedaccordingtoapseudo-treearrangement.

Thefollowingnotationisused:��������	istheproblemwith
whichtheprocedureiscalledand?@istheglobalupperbound.If
theset�isempty,theresultistriviallycomputed(line1).Else,
itselectsavariable

�

anditeratesoveritsvalues(lines3,4).Each
value�definesthecurrentproblem



������������	,which

isdecomposedintoasetof�independentsubproblems,



��

��������������	,with������,���,oneperchildof

�

inthe
pseudo-treearrangement.Foreach



�,alowerboundA@�iscom-

puted(line6).Thelowerboundof




isA@,computedasthesum
ofindependentlowerbounds,removingallcontributionsbutoneof

)*+������	(line7),

A@��
�

, �>

A@�	C��C�	)*+������	

Independentsubproblemsaresequentiallysolved(line8).Theglobal
upperboundof




is?@.Using?@andtheindependentsubproblem
lowerbounds,thealgorithmspecializestheglobalupperboundto
eachindependentsubproblemas(line9),

?@��?@CA@�A@�

Inaddition,localupperboundA?@�arecomputed(line10).Theup-
perboundforeachindependentsubproblemistheminimumbetween
thetwoavailablebounds(line11),

����@��89:�?@��A?@��

IfthelowerboundA@�ofthesubproblemisgreaterthanorequal
to����@�,thecurrentsubproblemdoesnotneedtobesolvedbe-
causeeitherA?@�isthesolution,orthereisnosolutionimproving
over?@(line12).Therefore,thealgorithmproceedstothefollowing
subproblem.Otherwise,alook-aheadprocedureisexecutedinwhich
unfeasiblevaluesareremovedfromfuturedomains(line13).Ifno
emptydomainisdetected,thecurrentproblemisrecursivelysolved
with����@�asglobalupperbound,andthesolutionisstoredin
variableA@�(line15).Asthealgorithmsolvesindependentsubprob-
lems,thelowerboundA@of




isimprovedbyreplacingthelower
boundsbytheactualsolution(line16).Ifduringtheprocess,the
lowerboundA@becomesgreaterthanorequaltotheglobalupper
bound?@,searchcanbeabortedreportingthat




cannotbesolved
withacostlessthan?@(line17).Onceallindependentsubproblems
havebeensolved,ifA@issmallerthantheglobalupperbound?@,a

functionPT-BB���������?@	returnnat;
1if����	thenreturn89:�?@�)*+���	�;
2else
3

�
�PopVar��	;

4foreach����do
5��������

�
��	;

6foreach������doA@��LB(�������������);
7A@�����>
A@�	C��C�	)*+������	;
8foreach������do
9if�A@�?@	thenexitfor;
10?@��?@CA@�A@�;
11A?@��UB(�������������);
12����@��89:�?@��A?@��;
13if(A@������@�)then
14��

��LookAhead�������������������@�	;
15if(�EmptyDom(��

�)then
16A@��PT-BB(����������

���������@�);
17A@�����>
A@�	C��C�	)*+������	;
18if�A@�?@	then?@�A@;
19return?@;
endfunction

Figure3.Pseudo-TreeBranch-and-Bound.

bettersolutionhasbeenfoundso?@isupdated(line18).Aftertrying
allfeasiblevaluesofvariable

�

,thecostofthebestsolutionremains
in?@,whichisreturned(line19).

4COMBININGPSEUDO-TREEANDRUSSIAN
DOLLSEARCH

RussianDollSearch(RDS)[11,8]isaBBalgorithmwhichinvests
inhighqualitylowerbounds.TheideaofRussianDollistoreplace
onesearchby�successivesearchesonnestedsubproblems.Given
anordering*oftheproblemvariables,subproblem

�

involvesallthe
variablesfromthe

�

thvariabletothelast,andsubproblem�isthe
wholeproblem.Figure4.�depictsRDSnestedproblemsforthecon-
straintgraphofFigure2.�alongthelexicographicvariableordering.
InRDS,subproblemsaresolvedsequentiallyininverseorder,start-
ingwithsubproblem�(here,weuseasubproblemnotationthatis
inversetotheoneappearingin[11]).Allsubproblemsusethesame
staticvariableordering*restrictedtothevariablesofthesubprob-
lem.Aftersolvingthesubproblem

�

,RDSrecordsthebestsolution �
*A�

�
	alongwithitscost

#
*+��

�
	.Thekeytotheefficiencyofthis

methodliesinthat

#
*+��

�
	canbeusedinlocallowerboundsofsub-

sequentproblems,atnodeswherethesetoffuturevariablesisexactly

�
�

�
�

���������.AnadditionalfeatureofRDSisthatthecostofthe
assignmentthatextends

�
*A�

�
	toanyvalueofvariable

�
C�pro-

ducesanupperboundofthecostofsubproblem

�
C�.Therefore,

RDSprovides,atalmostnoextracost,localupperbounds
4
.

RDSnicelyadaptstoPT-BBsearch.Theideaistousethe
pseudo-treearrangementinthenestedsubproblemsstructure.Given
apseudo-treearrangement,thesubproblem

�

involvesallthevari-
ablesinthesub-treerootedbynode

�

.Ifnode

�

isthepseudo-
treeroot,subproblem

�

isthewholeproblem.Figure4.@depictsthe
nestedproblemsforthepseudo-treearrangementofFigure2.@.Each
subproblemissolvedaftereachofitschildrensubproblemshave

�Adifferentissueisthequalityofthisupperbound,whichwilldependon
howclosethisextensioniswithrespectto	
��
���.
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Figure4.Thenestedstructureof��RDSand
�PT-RDS.

beensolved.Aftersolvingsubproblem

�

,werecorditsbestsolution �
*A�

�
	alongwithitscost

#
*+��

�
	.Wecallthisalgorithmpseudo-

treeRDS(PT-RDS).Whensolvingthewholeproblem,variablesare
assignedfollowingthepseudo-treearrangement.Whenarrivingto
subproblem

�

,alocalupperboundcanbecomputedasthecostof
theassignmentthatextends

�
*A�

�
	withtheassignedvariablesthat

areinthepathfrom

�

totheroot.Therefore,PT-RDSprovideslocal
upperboundsofsubproblemsconsideredbypseudo-treesearch.

5EXPERIMENTALRESULTS

Wehaveevaluatedtheperformanceofpseudo-treeRDSusingthe
SRDSalgorithm(thespecializedversionofRDS[8]),onover-
constrainedbinaryrandomCSP.AbinaryrandomCSPclassischar-
acterizedby������
����where�isthenumberofvariables,�the
numberofvaluespervariable,�
thegraphconnectivitydefinedas
theratioofexistingconstraints,and��theconstrainttightnessde-
finedastheratioofforbiddenvaluepairs.Theconstrainedvariables
andtheforbiddenvaluepairsarerandomlyselected[10].Usingthis
model,wehavetestedontheconnectivityrangebetween0.1and
0.5,wherenon-degeneratedpseudo-treescanbeconstructed.Specif-
ically,wehaveexperimentedonthefollowingproblemclasses,

1�����������������,2�����������������,
3���������������,4����������������,
5�������	��	������,6����������
�����.

Observethat(1)and(2)aremediumconnectedproblems(�
�
���),(3)and(4)areproblemswithlowconnectivity(�
���	),and

(5)and(6)aresparseproblems(�
����).Foreachproblemclass
andeachparametersetting,wegeneratedsamplesof50instances.

EachproblemissolvedbythreealgorithmsbasedonPFC[5]:
MRDAC,SRDSandPT-SRDS.InMRDACvariablesaredynami-
callyorderedbytheincreasingratioofdomainsizedividedbyfor-
warddegree,andvaluesareorderedbyincreasing

�
)���)(see[6]

foramoredetaileddescription).SRDSusesastaticvariableorder-
ingthatheuristicallycombinesdegreeandlocality,toproducelow
bandwidthorderings.PT-SRDSfollowsthevariableorderingexist-
inginthepseudo-tree.SinceRDS-basedalgorithmsareverysensi-

tivetovariableorderings,wedecidetoconstructthepseudo-treeac-
cordingtotheheuristicstaticvariableorderingusedforSRDS.This
meansthattheorderinginwhichvariablesappearinthepseudo-tree
branchesisinagreementwiththatstaticvariableordering.

Figure5reportstheaveragecpu-timerequiredtosolvethesix
problemclasses.Weobservethatformediumconnectivityclasses
(�
����),SRDSandPT-SRDSbothofferthebestperformance
(withoutpracticaldifferences)whileMRDACisclearlyworse.For
lowconnectivityclasses(�
���	),PT-SRDSshowsthebestperfor-
mance,whilethereisnoclearsecondbetweenSRDSandMRDAC.
Forsparseproblems(�
����),PT-SRDSexhibitsthebestperfor-
mance,followedbyMRDACandSRDSinthirdposition.Fromthese
graphsweconcludethat,forrandombinaryproblemswithmedium
toverylowconnectivity,PT-SRDSisthealgorithmofchoice.PT-
SRDSperformanceimprovesoverotheralgorithmsasconnectivity
decreases.Thisobservationisinfullagreementwithourapproach,
becausealowconnectivityproblemisverylikelytoproduceashal-
lowpseudo-tree,whichenhancesthesavingsofpseudo-treesearch
withrespecttootheralgorithms.

Figure6containstheaveragenumberofvisitednodesforthree
problemclasses(theotherresultsareomittedforspacereasons).
WeobservethatPT-SRDSvisitsfewernodesthanSRDSforthesix
problemclassestested.ThissuggestthatPT-SRDSsearchesmore
efficientlythanSRDS.However,PT-SRDShasahigheroverhead
thanSRDS.Thesavingsofpseudo-treesearcharecompensatedby
thisextraoverheadinmediumconnectivityclasses,bothalgorithms
offeringasimilarperformance.Forlowandverylowconnectivity,
pseudo-treesavingssurpassthepseudo-treeoverhead.

Sincethetemporalcomplexityisexponentialinthepseudo-tree
height,wehaverecordedtheaverageheightofpseudo-treesusedin
theexperiments.Formediumconnectivityclasses,theaverageheight
isaround��	�(�isthenumberofvariables);forlowconnectivity
classesisaround����;forverylowconnectivityclassesis��	�.
Theseresultsconfirmthatpseudo-treesearchdecreasessubstantially
theheightofthesearchtreetoexplore,improvingefficiency.

Wehaveexploredtherelevanceoflocalupperboundsinourim-
plementation,substitutingline10ofFigure3byA?@���.Inthis
case,experimentalresultsshowthatPT-SRDSloosesperformance.
Thisresultconfirmsthat,althoughsolvingindependentsubproblems
independentlyisanattractivestrategy,workingwiththeglobalupper
boundisnotcost-effectiveandthepresenceoflocalupperboundsis
essential.

Ifweeliminatefromtheproblemtheconstraintsthatarelesstight,
betterpseudo-treescanbebuild(withlowerheight).Solvingthe
problemwiththisparticularpseudo-treewillgiveusalowerbound
ontheoptimumcostoftheoriginalproblem.Doingsowehaveob-
tainedgoodlowerboundsinfewsecondsforradiolinkfrequency
assignment(CELAR)instances[2].

6CONCLUSION

Pseudo-treesearchisawellknownalgorithmforCSPwithtwonice
properties:

�
	itstimecomplexityisboundedbyastructuralparam-

eterand

��
	itsspacecomplexityispolynomial.Inthispaper,we

haveextendedpseudo-treesearchtothesoftconstraintsframework.
Wehaveshownthatthegeneralprinciplescanbeeasilyextended.
However,ifgoodaverageefficiencyisrequired,acarefulimplemen-
tationisneeded.WehaveintroducedPT-BB,abranch-and-bound
algorithmthatperformspseudo-treesearch.Itsmainfeatureisthat
itcomputeslocalupperboundswithwhichagoodefficiencyisob-
tained.Wehavealsoshownthatpseudo-treesearchnicelycombines
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Figure5.AverageCPUtimeversustightnessforsixclassesofbinaryrandomproblems.
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withrussiandollsearch,producinganefficientalgorithm.
Wehavepresentedsomepreliminaryempiricalresultsshowing

howouralgorithmsarecompetitivewithstate-of-the-artsolvers.We
believethatourresultscanbefurtherimproved,becausewehavestill
notaddressedseveralimportantpracticalaspects.Forinstance,we
havenotstudiedtheeffectoftheorderinginwhichtheindependent
subproblemsaresolved.Similarly,wehaveusednaivepseudo-tree
arrangements,probablyhavingnon-optimalheight.Theeffectofthis
onthealgorithmsefficiencyisatopicofourcurrentwork.
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