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Abstract. In this paperwe addressthe applicationof knowledge
compilationtechniquesto productconfigurationproblems.We ar-
gumentthat both the processof generatingvalid configurations,as
well asvalidationof productconfigurationknowledgebases,canpo-
tentially be acceleratedby compiling the instanceindependentpart
of theknowledgebase.Besidesgiving transformationsof bothtasks
into logicalentailmentproblems,wegiveashortsummaryonknowl-
edgecompilationtechniques,andpresenta new algorithmfor com-
putingunit-resolutioncompleteknowledgebases.

1 Intr oduction

Configurationof complex productsis a computationintensive task.
In mostformalismsproposedin theliterature[5, 10,11], generating
a consistentconfigurationcanbe intractablein the worst case,and
is at bestan NP-hardproblem.Moreover, in a typical setting,huge
seriesof configurationrunshave to beperformedfor thesamekind
of product,but differentcustomerdemands.Thecloselyrelatedtask
of checkinga productconfigurationknowledge-basefor consistency
[7] exhibitssimilarcharacteristics.Herea largenumberof validation
propertieshave to becheckedfor a givenknowledge-base.

Theseconditionsmake it attractive to investigatethe application
of knowledgecompilationtechniques(seeCadoliandDonini’s arti-
cle for asurvey onknowledgecompilation[2]). For asetof common
probleminstances,knowledgecompilationseparatesthe computa-
tional task into an instancedependentandan instanceindependent
part.Thelattercanbesolvedin advanceduringapreprocessingstep,
whichcanpotentiallyleadto a speedupin theoverall run time.

A significantadvantageof pre-compiledknowledge-basesis that
in thelucky caseof successfulcompilationinto aknowledgebaseof
reasonablesize,shortruntimescanbe guaranteedfor all individual
configurationprocesses.

2 Formalisms for Product Configuration

In this paper, we considertwo formalismsfor productconfiguration.
We usethem as representatives for demonstratingapplicability of
knowledgecompilationfor bothgeneratingvalid configurationsand
checkingconsistency of knowledgebases.

Thefirst formalismis a slight variantof thelogical theoryof con-
figurationpresentedby Felfernigetal. [5], whichcomplieswith Mit-
tal andFrayman’s component-portrepresentationfor configuration
knowledge[11]. Thesecondis a simplifiedversionof theformalism
usedfor thevalidationof DaimlerChrysler’sengineeringandproduc-
tion configurationsystem[7].�
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In Felfernig’s system,a configurationproblemconsistsof a do-
maindescription� andasystemrequirementsspecification� , from
whichaconsistent(valid) configuration� hasto beconstructed2. The
domaindescriptionis a setof predicatelogic sentencesexpressing
compatibility constraintson the product’s parts,andadditionalax-
iomsdescribingandrestrictingtheconstraintslanguage;thesystem
requirementsspecificationstatescustomerdemandson the desired
product,again in theform of asetof predicatelogic sentences.Then,
a conjunction � of groundliterals is a solutionto the configuration
problem �����	��
 , or avalid configuration,whenit is logically consis-
tentwith thedomaindescriptionandtherequirementsspecification,
i.e., �
�������������� ���

. For our purposewe considerthe propo-
sitional variantof this formalism.We assumea finite universe,or a
universewith a finite numberof equivalenceclasseswith respectto
thedomaindescriptionandtherequirementsspecification.Now the
propositionalcasecanbe obtainedfrom the first-ordercaseby re-
placingall sentencesof � and � by a conjunctionof their ground
instances,similar to a Herbrandexpansion.

The secondformalism we considerconsistsof a set of propo-
sitional constraintrules that make up a knowledge-basedescribing
valid products[7]. Thesemanticsof thewholeknowledge-basecan
be interpretedas a propositionalformula � whosemodelsare the
valid configurations.To checkits consistency, wegenerateaset � of
validationproperties��� andtestwhetheror not theknowledge-base
satisfiesthem.Therefore,we have to determinewhether� � � ��� for
all ���! "� .

3 Logical Entailment and KnowledgeCompilation

Probleminstancesof both formalismscanbe formulatedaspropo-
sitional entailmentproblems,wherethe questionis to find the de-
ducible consequences# of a theory $ (a setof propositionalsen-
tences).For thepurposeof knowledgecompilation,we partitionthe
theory $ into a constantpart $&% and a varying part $(' . The con-
stantpart $&% is thenreplacedby an equivalent,but computationally
preferable,compiledtheory $*)% , andthevaryingpartof thetheoryis
movedto theconsequenceby meansof thedeductiontheorem.Thus,
thegeneralentailmentproblem

$(%+�,$-' � � #
is restatedin thecompiledtheoryas

$ )% � � #/.102436587:9!;�< (1)

=
Ferfernigetal. [5] distinguishbetweenconsistentandvalid configurations,
wherevalid configurationshave to fulfill additionalcompletenessaxioms.
In this articlewe alwaysreferto theaugmentedversionwith completeness
axiomsaddedwhentalkingaboutvalid or consistentconfigurations.



This transformationespeciallyoffers advantageswhen(a) the con-
stantpartof the theoryis largecomparedto thevariablepartof the
theory and the consequenceto be checked, (b) the compilationof
theory $(% into $ )% is efficient, and(c) thereis a largenumberof en-
tailmentchecksto beperformed.

In transformingthefirst formalism,thefixedpart $?> is thedomain
description� , andthevaryingpart is thesystemsrequirementspec-
ification � . The tasknow is to find a valid configurationconsistent
with � and � by a seriesof entailmentchecks.Whenwe consider
the invertedrequirementsspecification@ �BA 243DC 9!; beingrepre-
sentedin conjunctive normal form (CNF), i.e. @ �FE �HGJI8I8I(G E	K ,
we can perform L entailmentchecks � ) � �MEON

for PRQ1S
QTL
within the compiled theory � ) to find configurationsconforming
with the domaindescription:For each

EON
with � ) �� �UEON

the con-
junction of literals 9

E N �WV � GXI8IYIZG V\[ is a minimal valid con-
figuration.This canbe verified by observingthat the configuration� � 9

E N �]V � G^I8I8I-G V�[ is consistentwith �_�`� . As � ) �� �aE N ,
and � ) is logically equivalent to � , we have �a��� 9

EON �b�� �c�
,

hencea fortiori �_�d� 9
E � . I�I8I . 9

EeK �f�� �]� . Now as g is equiv-
alentto 9 @

�
9
E � . I8I8I . 9

E	K
and � � 9

EON
for someS , we obtain�h�i���j�����i�� �h� .

Furthernon-minimalvalid configurationscanbegeneratedusing
the following scheme:for eachliteral

V
not occurringin

EON
we test

whether�k)��� ��EON . 9
V
. If this is thecase,we cansafelyadd

V
to the

configurationwithout violatingvalidity.
In summary, to treatthetransformationof thefirst formalism,we

set # �h� in Formula1,andconsideraspecialrepresentation(DNF)
of thevariablepartof thetheory lnm .

For transformationof the secondformalism(checkingvalidation
properties)we assumethevalidationproperties� � to be in conjunc-
tive normalform, i.e. ��� � ���Oo �pGdI8I8IDG ���qo K . Then,aftersettingthe
constantpart $ % of thetheoryto $ % � �r�s� , andnotingthat thereis
novariablepart,i.e. $-' �ht , thetestfor property��� decomposesintoL entailmentchecks$ )% � � � �qo N in thecompiledtheory $ )% .

In both formalismswe only have a restrictedform of entailment
checks,namelyonly tests $ ) � � # , where # is a clause.Therefore
we restrict our attentionto propositionalclausalentailmentin the
following. Knowledgecompilationaims at generatingtheoriesfor
which theentailmentproblemis tractable—decidablein polynomial
time—whereasthegeneralpropositionalclausalentailmentproblem
is coNP-complete[2].

4 KnowledgeCompilation Techniques

Knowledgecompilationandconcequencefinding areactive areasof
research[2, 9, 13]. The methodsproposedin the literatureareusu-
ally separatedinto two maincategories:approximateandexactcom-
pilations.Approximatecompilationmostly appearsin the form of
theoryapproximation,wherea theory $ is approximatedby a com-
putationallymore tractabletheory $u) . Selmanand Kautz [13] use
two approximatingHorn theories,one approximatingfrom above
( $ � � $(vYw ) and the other from below ( $(x w � � $ ).3 To decideen-
tailment for a clause� , algorithmTHEORY-APPROX, asshown in
Figure1, is employed.Entailmentfor Horn theories,i.e. for $(vYw and$ x w , canbedecidedin lineartime,soalgorithmTHEORY-APPROX is
supposedto decidemany casesefficiently: thebettertheapproxima-
tion, themorecasesarecomputationallytractable.However, compu-
tationof goodHorn approximationscanbequitehard(computationy

Theboundsaredefinedin termsof models:thelower boundhasfewer, the
upperboundmoremodelsthanthegiventheory.

of bestapproximationsis NP-hard).SelmanandKautz [13] present
differentalgorithmsfor their computation.

ALGORITHM THEORY-APPROX
INPUT: $ x w �z$i�z$ vYw �{� with $ x w � � $ � � $ vYw
OUTPUT: |~}���� if $ � � � , ��# V ; � otherwise
BEGIN

IF $ vYw � � � THEN return |~}r���
ELSE IF $ x w �� � � THEN return �Z# V ; �ELSE return $ � � �

END

Figure1. TheoryApproximationAlgorithm.

Exactcompilationmethods,asopposedto approximations,try to
find a theory $ ) that is equivalent to $ , for which the entailment
problemis tractable,i.e.,decidablein polynomialtime.Thepredomi-
nantmethodfor computingsuchcompilationsis by generatingprime
implicantsor primeimplicatesof theoriginal theory.

In the following, we considera compilationby the computation
of prime implicates.The sourcetheorythenusuallyalso is in con-
junctive normalform (CNF)—acommonincidencein practice.An
implicate � of atheory $ is anon-trivial clause(withoutcomplemen-
tary literals)suchthat $ � � � ; moreover, � is a primeimplicateif no
propersub-clause4 of � is alsoanimplicateof $ .

Computingthe set �����q$k� of all prime implicatesof a theory $
yieldsa theory $*) that is equivalentto $ andhasthefollowing im-
portantproperty:a clause� is a consequenceof $ , i.e. $ � � � , if f
thereis a clause�� ������q$u� that is a sub-clauseof � . Thus,using$u) � �����q$u� asa compiledversionof the theory $ , clausalentail-
ment for a clause# canbe decidedin linear time in the sizeof $ )
andthequery # .

Different algorithmshave beenproposedto computethe set of
prime implicatesof a theory [3, 12, 15]. However, the numberof
primeimplicatesmaybeexponentialin thesizeof thetheory $ , and
thereforedifferentstrategieshave beendevelopedto computemore
compactexactcompilations.Amongtheextensionsarecomputations
of primeimplicatesfrom no-mergeresolvents[4], theoryprime im-
plicates[8], andtractablecover compilations[1]. In the following,
we will describedelVal’swork [4] in moredetail.

The prime implicate computationfrom no-merge resolvents is
sometimesalso referredto as unit-resolution(UR) completecom-
pilation,andtheideais to deletethoseprimeimplicatesfrom �����q$u�
thatcanbederivedby aUR refutationproof from theremainingthe-
ory. As UR refutationscanbecomputedin lineartime, this meansa
shift from precompiledknowledgeto deductionby a calculusthatis
still tractable.In thefollowing we denoteUR derivationsby ��v , and
usethe conventionthat for a clause� �]V � . I8IYI . VOK the notation�� standsfor thesetof units � 9

V � � <8<Y< � 9
V K � obtainedby negating � .

Our goalnow is to computea set $�� of clausesthat is equivalentto$ , andfor which $ � � ��J� v �
holds for all clauses� with $ � � � . Then all consequencesof $
canbederivedby UR refutationsfrom $�� . Of course,setting $�� ������q$k� wouldbeasolution,but thisis oftennotpracticalanddoesnot�

Clause� is a (proper)sub-clauseof � if thesetof literalsof � is a (proper)
subsetof theliteralsof � .

2



deliver the best,i.e. minimal, theory. Del Val [4] suggestsdifferent
candidatesfor theory $�� .

We now want to derive a precisecharacterizationof an optimal$�� , expressedby meansof a fixed-pointequation.Therefore,we
define $ ��{��� , an optimal solutionfor UR completecompilation,asa
smallest(regardingsetinclusion)solution �$ of theformula

� �� j�����q$u�D���� 
�$���� ��!���$¡ ¢���8�i���v �/£ < (2)

Thenaclause� from thesetof primeimplicatesof theory $ is in the
solutiontheory $ � if f it cannotbederivedby a UR refutationfrom$�� without � .
5 An Alter nativeAlgorithm to ComputeUR

CompleteKnowledge-Bases

Basedon Formula 2 we now give an algorithm for UR complete
knowledgecompilation.Our algorithm,as well as all of del Val’s
algorithmsfor computationof UR completecompilations,is based
on primeimplicategeneration.This hastheadvantagethatadvances
in primeimplicatecomputationcanalsoimproveknowledgecompi-
lation,but suffersfrom thedrawbackthat in theworstcaseanexpo-
nentialnumberof clauseshasto begenerated,evenif thefinal result
doesnot show this exponentialblow-up. Our alternative algorithm,
asshown in Figure2, computesa different,in somecasessmaller,
compiledknowledge-basethandelValsalgorithms.

(1) ALGORITHM UR-COMPILATION
(2) INPUT: $
(3) OUTPUT: $�� , which is a solutionto Formula2
(4) BEGIN
(5) $�� := PI($ );
(6) FOR EACH �� "$�� DO
(7) IF

��!��$��p H���8�/� v � THEN
(8) $�� := $��� H�D�8� ;
(9) computeminimal �¤�O�Y��¥J$ � with

(10)
��!���¤�O�8�!��v � ;

(11) FOR EACH � )  j�����q$k�n ¦$ � with �� "�`�O� ) � DO
(12) IF

�� ) ��$��s��v � THEN
(13) update�¤�O� ) �
(14) ELSE
(15) $�� := $��!�j��� ) � ;
(16) END

Figure2. Algorithm for UR CompleteKnowledgeCompilation.

Startingwith the whole setof prime implicates,clausesaresuc-
cessively temporarilyremoved(line 8) from theresultset $�� , if the
entailmentof aclause� canalsobeobtainedfrom $�� without � by a
UR refutation(line 7). Thena justification �¤�O�Y� of why thedeletion
of � waspossibleis computed(lines9/10).This justificationcontains
the clausesinvolved in a shortestUR refutationof � . By removing
clause � , UR refutationproofs of other, alreadyremoved clauses,
may break.So for eachpreviously removed clause� ) it is checked
whethera UR refutationproof of � ) is still possible(lines11/12).If
this is thecase,theproof, i.e. thejustification �`�O� ) � , is updated(line
13) analogousto the computationin lines 9/10. Otherwisethe for-
merly removedclause�Y) is re-addedto theworking theory $ � (line

15),andthewholeprocessis repeateduntil nofurtherchangesresult,
andthusa fixedpoint is reached.

The main loop of the algorithm may be interruptedafter each
round,andstill returnsa UR completetheoryequivalent to the in-
put theory, yetnotnecessarilyminimal.

To furtherillustratetheeffectsof our algorithmlet usconsideran
example5. Let

$ � �¦�?§ ; �O� �§�}�� ��?§�|4� �� �§��¨�
�|e©�ª«� �©�¬,� <

Computationof thesetof primeimplicatesin line 5 of thealgorithm
thenyields

$ � � �p�Z§ ; �O� �§�}�� ��Z§r|4� �� �§r�¨�
�|~©�ª*� �©�¬­�{§ ; |4� �§�}��­���&} ; ���?|~�­�{} ; |~�¨� ��Z§r©�ª*�z§ ; ©�ª«� ��&�Z©�ª*�z} ; �Z©�ª«�

�|eª¢¬­���Z§rª¢¬¨�{§ ; ª¢¬­� ��?�Zª¢¬¨�	} ; �Zª�¬,� <
Supposewe first choose� � } ; �Zª�¬ in line 6. Thenwe have

� �}-� �; � ��¨� �ª«� �¬��s��$ �  ¢�r} ; �Zª¢¬��/� v
� �

and we thus remove � from $�� . A minimal justification �¤�O�8� for
deleting� is �`�O�8� � �¦�Z§ ; �O� �§�}�� ��?�?ª�¬,� <
Selecting� � ��&�Zª¢¬ next, weobtain �4�n� ��¨� �ª«� �¬����¢$ �  n� ��&�Zª¢¬n�/��v�

, andthereforewe alsoremove this clauseandcompute�`�O�8� for
it. But now we have for � ) � �r} ; �Zª¢¬�� that � )  ®�����q$u�+ ¢$�� and�� "�¤�O� ) � . As � �}�� �; � ��:� �ª*� �¬�����$��H� v

�
still holds,we justhave to

updatethe justification,e.g. �¤�O� ) � � �r} ; �Z©�ª«� �©�¬�� . Repeatingthe
algorithm’sstepsoverandoverwereachthefix-point

$ � � �¦�?§ ; �q� �§�}�� ��?§r|4� �� �§r�¨�
�|e©�ª«� �©�¬­� �§r}��¨���&} ; �

�|~ª�¬�� <
Thecomplexity of ouralgorithmis dominatedby theprimeimpli-

catecomputationstepin line 5, which—asis well known—mayin
the worst caserequireexponentialspace(andthustime) (see,e.g.,
[9]). It remainsaninterestingtaskto find analgorithmfor UR com-
pleteknowledge-basecompilationthat is not basedon prime impli-
catecomputation.

6 Preliminary Experimental Results

We are currently startingexperimentswith our algorithm on data-
basesfrom automotive productconfiguration.First resultsobtained
from a prototypicalimplementationof our algorithmareshown in
Table1.

problem ¯PS̄ ¯ °*¯ ¯ ±­²z³�°�´4¯ ¯ ° � ¯
Adder 21 50 9,700 1,183
C250FV 1,465 2,356 2,492 1,837
C210FVF 1,934 3,985 496,050,800 –

Table1. ExperimentalResults

The first exampleis taken from Forbus andde Kleer’s book [6],
which containsdatabasesthat areoften usedasbenchmarksin the
knowledgecompilationcommunity. Thefollowing two examplesare
knowledgebasesdescribingvalid modellinesof DaimlerChrysler’sµ

This is Example1 from del Val [4]. We alsousehis abbreviatednotation
for clauses,e.g.writing ¶�·6¸¹ insteadof ¶¢º*·!ºu» ¹ .
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Mercedescars.Thesedatabasesareusedby KüchlinandSinz[7] for
validationchecks.

Thecolumnsof Table1 show in turn thenumberof propositional
variables,thesizeof thedatabasein numberof clauses,thenumber
of primeimplicatesof thetheory, andthenumberof primeimplicates
thatremainafterapplicationof our algorithm.

problem ¼�½-¾ ¼�¿�À~Á vY% À ¼~ÂZÃ
Adder 0.38 2683.10 2683.48
C250FV 93.46 220.42 313.88
C210FVF 426.55 – –

Table2. CompilationTimes

In Table2 we presentruntimesfor our UR completeknowledge
compilationalgorithm.Thelastcolumnshowsthetotal runtime | ÂZÃ ,
whichis split into thetimefor primeimplicatecomputation( | ½-¾ ) and
reductionof theprimeimplicatesetin algorithmlines6-14( | ¿\À�Á v8% À ).
We usedSimonanddel Val’s BDD-basedimplementationzresasa
prime implicategenerator[14], andran it on a PentiumIII running
at 733MHz. For thereductionpartwe usedanexperimentalimple-
mentationwritten in Haskell, compiledwith the Glasgow Haskell
Compiler, version4.04.Our implementationfailed on reducingthe
prime implicatesfor theC210FVFdataset,which is indicatedby a
dashin thetables.Wearecurrentlyworkingonanimplementationin
C++ usingmoreefficientdatastructures.

7 Conclusionand Futur eWork

We presenteda methodto compilethefixedpartof productconfigu-
rationdatabases,andproposeda new algorithmfor thecomputation
of UR completecompilations.Firstexperimentsindicatethat,at least
for validationof configurationdatabaseproperties,ourmethodis ap-
plicable.

Besidesconductingfurther experiments,we considerimprove-
mentof knowledgecompilationalgorithms,e.g.by developingexact
algorithmsthat do not requirea prior computationof all prime im-
plicates,asa promisingareaof future research.Moreover, it could
beof interestto evaluatetheperformanceof knowledgecompilation
on otherproductdocumentationformalismsandfor otherpractical
applicationareasof configuration.
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