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Abstract. In this paperwe addresshe applicationof knowledge
compilationtechniquego productconfigurationproblems.We ar

gumentthat both the processof generatingvalid configurationsas
well asvalidationof productconfiguratiorknowledgebasescanpo-
tentially be acceleratedby compiling the instanceindependenpart
of theknowledgebase Besidegyiving transformation®f bothtasks
into logical entailmenproblemswe give ashortsummaryonknowl-

edgecompilationtechniquesandpresenta new algorithmfor com-
puting unit-resolutioncompleteknowledgebases.

1 Intr oduction

Configurationof comple productsis a computationintensie task.
In mostformalismsproposedn theliterature[5, 10, 11], generating
a consistentonfigurationcanbe intractablein the worst case,and
is at bestan NP-hardproblem.Moreover, in atypical setting,huge
seriesof configurationrunshave to be performedfor the samekind

of product,but differentcustomerdemandsThe closelyrelatedtask
of checkinga productconfiguratiorknowledge-baséor consisteng

[7] exhibits similar characteristicd-derealarge numberof validation
propertieshave to be checledfor agivenknowledge-base.

Theseconditionsmale it attractive to investigate the application
of knowledgecompilationtechniquegseeCadoliandDonini’s arti-
cle for asuney onknowledgecompilation[2]). For asetof common
probleminstancesknowledge compilation separateshe computa-
tional taskinto an instancedependentind an instanceindependent
part. Thelattercanbesolvedin advanceduringa preprocessingtep,
which canpotentiallyleadto a speedupn theoverallruntime.

A significantadvantageof pre-compiledknowledge-basess that
in thelucky caseof successfutompilationinto a knowledgebaseof
reasonableize,shortruntimescanbe guaranteedor all individual
configurationprocesses.

2 Formalismsfor Product Configuration

In this paperwe considertwo formalismsfor productconfiguration.
We usethem as representaties for demonstratingapplicability of
knowledgecompilationfor both generatingralid configurationsand
checkingconsisteng of knowledgebases.

Thefirst formalismis a slight variantof thelogical theoryof con-
figurationpresentedby Felfernigetal. [5], which complieswith Mit-
tal and Frayman$ component-portepresentatiofior configuration
knowledge[11]. Theseconds asimplifiedversionof theformalism
usedfor thevalidationof DaimlerChryslersengineering@andproduc-
tion configurationsystem[7].
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In Felfernig’s system,a configurationproblemconsistsof a do-
maindescriptionD anda systenrequirementspecificationS, from
whichaconsistentvalid) configuratiore hasto beconstructetl The
domaindescriptionis a setof predicatelogic sentencegxpressing
compatibility constraintson the products parts,and additionalax-
ioms describingandrestrictingthe constraintdanguagethe system
requirementspecificationstatescustomerdemandson the desired
product,againin theform of asetof predicatdogic sentenceslhen,
a conjunctionc of groundliteralsis a solutionto the configuration
problem(D, S), or avalid configurationwhenit is logically consis-
tentwith the domaindescriptionandthe requirementspecification,
i.,e., DUS U {c} ¥~ L. Forour purposewe considerthe propo-
sitional variantof this formalism.We assumea finite universe,or a
universewith afinite numberof equivalenceclassesvith respecto
the domaindescriptionandthe requirementspecification Now the
propositionalcasecan be obtainedfrom the first-ordercaseby re-
placingall sentencesf D andS by a conjunctionof their ground
instancessimilarto a Herbrandexpansion.

The secondformalism we considerconsistsof a set of propo-
sitional constraintrulesthat make up a knowledge-baselescribing
valid productg[7]. The semanticof the whole knowvledge-basean
be interpretedas a propositionalformula B whosemodelsare the
valid configurationsTo checkits consisteng, we generata setD of
validationpropertiesd; andtestwhetheror not the knowledge-base
satisfiegthem.Thereforewe have to determinevhetherB |= d; for
alld; € D.

3 Logical Entailment and KnowledgeCompilation

Probleminstanceof both formalismscan be formulatedas propo-

sitional entailmentproblems,wherethe questionis to find the de-

ducible consequences of a theory 7 (a setof propositionalsen-
tences)For the purposeof knowledgecompilation,we partitionthe

theory T into a constantpart 7. and a varying part 7. The con-

stantpart 7. is thenreplacedby an equivalent,but computationally
preferablecompiledtheory 7, andthevaryingpartof thetheoryis

movedto theconsequencky meanof thedeductiortheoremThus,
thegeneralentailmentproblem

TUT Fa

is restatedn the compiledtheoryas
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2 Ferfernigetal. [5] distinguishbetweerconsistenandvalid configurations,
wherevalid configurationshave to fulfill additionalcompletenesaxioms.
In this articlewe alwaysreferto the augmentedersionwith completeness
axiomsaddedwhentalking aboutvalid or consistentonfigurations.



This transformationespeciallyoffers advantagesvhen (a) the con-
stantpart of the theoryis large comparedo the variablepart of the
theory and the consequencéo be checled, (b) the compilation of
theory 7. into 7/ is efficient, and(c) thereis a large numberof en-
tailmentchecksto be performed.

In transformingthefirst formalism,thefixedpart7. is thedomain
descriptionD, andthevaryingpartis the systemsequiremenspec-
ification S. Thetasknow is to find a valid configurationconsistent
with D andS by a seriesof entailmentchecks.Whenwe consider
the invertedrequirementspecification] = \/__¢ —s beingrepre-
sentedin conjunctive normalform (CNF),i.e. I = 41 A -+ A g,
we can perform k entailmentchecksD' = 4; for 1 < j < k
within the compiledtheory D’ to find configurationsconforming
with the domaindescription:For eachi; with D' [~ i; the con-
junction of literals —=é; = I3 A -+- A L, is @a minimal valid con-
figuration. This can be verified by observingthat the configuration
¢ = —i; =1l A+ Al is consistenwith DU S. As D' |£ i;,
and D' is logically equialentto D, we have D U {—i;} & L,
hencea fortiori DU {—i1 V -+ V =g} = L. Now as S is equiv-
alentto =1 = =iy, V -+ - V =i, andc = —i; for somej, we obtain
DuUSU{c} £ L.

Furthernon-minimalvalid configurationscanbe generatedising
the following schemefor eachliteral  not occurringin i; we test
whetherD' £ i; V —L. If thisis the casewe cansafelyadd! to the
configuratiorwithout violating validity.

In summaryto treatthe transformatiorof thefirst formalism,we
seta = L in Formulal, andconsideraspeciarepresentatio(DNF)
of thevariablepartof thetheoryT,,.

For transformatiorof the secondformalism (checkingvalidation
properties)we assumehe validationpropertiesd; to bein conjunc-
tive normalform,i.e.d; = d; 1 A - - - A d; . Then,aftersettingthe
constanfpart 7. of thetheoryto 7. = {B}, andnotingthatthereis
novariablepart,i.e. 7. = @, thetestfor propertyd; decomposemto
k entailmentchecks7; k= d;, ; in thecompiledtheory7, .

In both formalismswe only have a restrictedform of entailment
checks,namelyonly tests7" = a, wherea is a clause. Therefore
we restrictour attentionto propositionalclausalentailmentin the
following. Knowledge compilationaims at generatingtheoriesfor
which the entailmentproblemis tractable—decidabla polynomial
time—whereashe generapropositionakclausalentailmentproblem
is coNP-completg2].

4 KnowledgeCompilation Techniques

Knowledgecompilationandconcequencénding areactive areasof
research2, 9, 13]. The methodsproposedn the literatureare usu-
ally separatedhto two maincateyories:approximateandexactcom-
pilations. Approximatecompilation mostly appearsn the form of
theoryapproximationwhereatheory7 is approximatedy a com-
putationallymore tractabletheory 7'. Selmanand Kautz [13] use
two approximatingHorn theories,one approximatingfrom above
(T E Tw) andthe otherfrom below (71, = 7). To decideen-
tailmentfor a clausec, algorithm THEORY- APPROX, as shown in
Figurel, is employed.Entailmentfor Horn theoriesj.e. for Ty, and
T, canbedecidedn lineartime, soalgorithmTHEORY- APPROX is
supposedo decidemary casefficiently: the betterthe approxima-
tion, themorecasesrecomputationallytractable However, compu-
tation of goodHorn approximationsanbe quite hard (computation

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

ALGORITHM THEORY-APPROX

INPUT: T, T, Tub, ¢ With Tn, '27"27:11)
OUTPUT:  trueif T = ¢, false otherwise
BEGIN

IF Tuw = ¢ THEN returntrue
ELSE IF T, }~ ¢ THEN return false
ELSE return7 = ¢

END

Figurel. TheoryApproximationAlgorithm.

Exactcompilationmethodsasopposedo approximationstry to
find a theory 7" thatis equivalentto 7", for which the entailment
problemistractablej.e.,decidablén polynomialtime. Thepredomi-
nantmethodfor computingsuchcompilationds by generatingrime
implicantsor primeimplicatesof the original theory

In the following, we considera compilationby the computation
of prime implicates.The sourcetheorythenusuallyalsois in con-
junctive normalform (CNF)—acommonincidencein practice.An
implicatec of atheory7 is anon-trivial clausg(withoutcomplemen-
tary literals) suchthat 7" |= ¢; morewer, ¢ is aprimeimplicateif no
propersub-clauséof ¢ is alsoanimplicateof 7.

Computingthe setPI(7) of all prime implicatesof a theory T
yieldsatheory 7" thatis equivalentto 7~ andhasthe following im-
portantproperty:a clausec is a consequencef 7, i.e. T = ¢, iff
thereis a clausep € PI(T) thatis a sub-clausef ¢. Thus,using
T' = PI(T) asacompiledversionof the theory T, clausalentail-
mentfor a clausea canbe decidedin lineartime in the size of 7'
andthequerya.

Different algorithmshave beenproposedto computethe set of
prime implicatesof a theory[3, 12, 15]. However, the numberof
primeimplicatesmaybeexponentialin thesizeof thetheory 7T, and
thereforedifferentstratgieshave beendevelopedto computemore
compacexactcompilationsAmongtheextensionsarecomputations
of prime implicatesfrom no-megeresohents[4], theoryprimeim-
plicates[8], andtractablecover compilations[1]. In the following,
we will describedel Val'swork [4] in moredetail.

The prime implicate computationfrom no-mege resohents is
sometimesalso referredto as unit-resolution(UR) completecom-
pilation, andtheideais to deletethoseprimeimplicatesfrom PI(7")
thatcanbederivedby a UR refutationproof from theremainingthe-
ory. As UR refutationscanbe computedn lineartime, this meansa
shift from precompilecknowledgeto deductionby a calculusthatis
still tractableIn thefollowing we denoteUR derivationsby +,, and
usethe corventionthatfor a clausec = I; V --- V [} the notation
¢ standdfor the setof units {1, . .., -l } obtainedby negating c.
Our goalnow is to computea set7* of clauseghatis equialentto
T, andfor which

T Ue by L

holds for all clausesc with 7 |= ¢. Thenall consequencesf T
canbederived by UR refutationsfrom 7. Of coursesetting7™* =
PI(T) wouldbeasolution,but thisis oftennotpracticalanddoesnot

3 The boundsaredefinedin termsof models:the lower boundhasfewer, the
upperboundmoremodelsthanthe giventheory

4 Clausec is a (proper)sub-clausef d if the setof literals of c is a (proper)
subseof theliteralsof d.



deliver the best,i.e. minimal, theory Del Val [4] suggestdlifferent
candidatesor theory7™.

We now wantto derive a precisecharacterizatiorof an optimal
T, expressecby meansof a fixed-pointequation.Therefore,we
define7,y,, anoptimal solutionfor UR completecompilation,asa
smalIest(regardingsetinclusion)solution’f of theformula

Ve e PI(T)(c €T <= cUT \{c}Wul) . )

Thenaclausec from the setof primeimplicatesof theoryT isin the
solutiontheory 7™ iff it cannotbe derived by a UR refutationfrom
T withoute.

5 An Alter native Algorithm to Compute UR
CompleteKnowledge-Bases

Basedon Formula2 we now give an algorithm for UR complete
knowledge compilation.Our algorithm, aswell asall of del Val's
algorithmsfor computationof UR completecompilations,is based
on primeimplicategenerationThis hasthe advantagethatadvances
in primeimplicatecomputatiorcanalsoimprove knowledgecompi-
lation, but suffersfrom the dravbackthatin theworstcasean expo-
nentialnumberof clausesasto begeneratedevenif thefinal result
doesnot shav this exponentialblow-up. Our alternatve algorithm,
asshavn in Figure 2, computesa different,in somecasessmaller
compiledknowledge-bas¢handel Valsalgorithms.

(1) ALGORITHM UR-COMPILATION

(2) INPUT: T

(3) OUTPUT: T*, whichis asolutionto Formula2
(4) BEGIN

5) Tr=PUTY);
(6) FOREACH c e T* DO
@) IFeuT*\{c}t+u L THEN
(8) T =T \{ch
9) computeminimal D(c) C T with
(10) U D(c) by L;
(11) FOR EACH ¢’ € PI(T) \ T* with ¢ € D(¢') DO
(12) IF & UT* by L THEN
(13) updateD(c')
(14) ELSE
(15) T =T*U{};
(16) END

Figure2. Algorithm for UR CompleteKnowledgeCompilation.

Startingwith the whole setof prime implicates,clausesare suc-
cessiely temporarilyremoved (line 8) from theresultset7™, if the
entailmenbf aclausec canalsobeobtainedrom 7* withoutc by a
UR refutation(line 7). Thenajustification D(c) of why thedeletion
of ¢ waspossibles computedlines9/10). Thisjustificationcontains
the clausesnvolvedin a shortestUR refutationof c¢. By remaving
clausec, UR refutation proofs of other alreadyremoved clauses,
may break.So for eachpreviously removed clausec’ it is checled
whethera UR refutationproof of ¢’ is still possible(lines 11/12).1f
thisis the casetheproof, i.e. thejustificationD(c"), is updatedline
13) analogougo the computationin lines 9/10. Otherwisethe for-
merly removed clausec’ is re-addedo the working theory7* (line

15),andthewholeprocesss repeatedintil nofurtherchangesesult,
andthusafixedpointis reached.

The main loop of the algorithm may be interruptedafter each
round, andstill returnsa UR completetheory equivalentto the in-
puttheory yetnotnecessarilyninimal.

To furtherillustratethe effectsof our algorithmlet us consideran
examplé. Let

T = { pgs, pgr, pat, pqu, tow, vz } .

Computatiorof the setof primeimplicatesin line 5 of thealgorithm
thenyields

T* = { pqs? pqr’ pqt’ ﬁqu7 va7 ’T)m7 q5t7 un? prs?
ptu, rstu, pquw, gsvw, puvw, rsuvw, twz,

PQUWIT, qSWL, PUWT, T SUWT } .

Supposeve first choosec = rsuwz in line 6. Thenwe have

andwe thusremove ¢ from 7*. A minimal justification D(c) for
deletingc is

D(c) = { pgs, pgr, puwz } .
Selectinge = puwz next, weobtain{p, @, w, 2} UT™ \ {puwz} Fu
1, andthereforewe alsoremove this clauseand computeD(c) for
it. But now we have for ¢’ = {rsuwz} thatc' € PI(T) \ 7* and

updatethe justification,e.g. D(¢') = {rsuvw, vz}. Repeatinghe
algorithm’s stepsover andover we reachthefix-point

T* = { pas, par, pt, pgu, tow, v, gru, prs,twe } .

Thecompleity of ouralgorithmis dominatedy the primeimpli-
catecomputationstepin line 5, which—asis well knovn—mayin
the worst caserequireexponentialspace(andthustime) (see,e.g.,
[9]). It remainsaninterestingtaskto find analgorithmfor UR com-
plete knowledge-baseompilationthatis not basedon prime impli-
catecomputation.

6 Preliminary Experimental Results

We are currently startingexperimentswith our algorithm on data-
basedrom automotve productconfiguration.First resultsobtained
from a prototypicalimplementationof our algorithmare shown in
Tablel.

problem PY [T |PI(T)| |T*|
Adder 21 50 9,700 1,183
C250FV 1,465 2,356 2,492 1,837

C210FVF 1,934 3,985 496,050,800 -

Table1l. ExperimentaResults

The first exampleis taken from Forbus andde Kleer’s book [6],
which containsdatabasethat are often usedasbenchmarksn the
knowledgecompilationcommunity Thefollowing two examplesare
knowledgebasegdescribingvalid modellines of DaimlerChryslers

5 This is Examplel from del Val [4]. We also usehis abbreiated notation
for clausese.g.writing pq7 insteadof p V g VvV —r.



Mercedesars.Thesedatabaseareusedby KiichlinandSinz[7] for
validationchecks.

The columnsof Table1 show in turn the numberof propositional
variablesthe sizeof the databasén numberof clausesthe number
of primeimplicatesof thetheory andthenumberof primeimplicates
thatremainafterapplicationof our algorithm.

prObIem tp1 treduce tur
Adder 0.38 2683.10 2683.48
C250FV 93.46 220.42 313.88

C210FVF 426.55 - -

Table2. CompilationTimes

In Table 2 we presentruntimesfor our UR completeknowledge
compilationalgorithm.Thelastcolumnshawvsthetotal runtimetyr,
whichis splitinto thetime for primeimplicatecomputatior(tpr) and
reductionof theprimeimplicatesetin algorithmlines 6-14 (treduce)-
We usedSimonanddel Val's BDD-basedmplementatioreresasa
prime implicategeneratof14], andranit on a Pentiumlll running
at 733 MHz. For thereductionpartwe usedan experimentaimple-
mentationwritten in Haslell, compiledwith the Glasgav Haslell
Compiler version4.04. Our implementatiorfailed on reducingthe
primeimplicatesfor the C210FVFdataset,which is indicatedby a
dashin thetables We arecurrentlyworking onanimplementationn
C++usingmoreefficient datastructures.

7 Conclusionand Futur e Work

We presente@ methodto compilethefixed partof productconfigu-
ration databasesndproposeda new algorithmfor the computation
of UR completecompilationsFirstexperimentsndicatethat,atleast
for validationof configuratiordatabas@ropertiespur methodis ap-
plicable.

Besidesconductingfurther experiments,we considerimprove-
mentof knowledgecompilationalgorithms.e.g.by developingexact
algorithmsthat do not requirea prior computationof all primeim-
plicates,asa promisingareaof future researchMoreover, it could
be of interestto evaluatethe performancef knowledgecompilation
on other productdocumentatiorformalismsandfor other practical
applicationareasof configuration.
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