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Abstract

Markov logic networks (MLNs) combinelogic and
probabilityby attachingweightsto �rst-order clauses,
andviewing theseastemplatesfor featuresof Markov
networks. In this paperwe develop an algorithm
for learning the structureof MLNs from relational
databases,combiningideasfrom inductive logic pro-
gramming(ILP) andfeatureinductionin Markov net-
works. The algorithmperformsa beamor shortest-
�rst searchof the spaceof clauses,guided by a
weightedpseudo-likelihoodmeasure.This requires
computing the optimal weights for eachcandidate
structure,but we show how this can be done ef�-
ciently. Thealgorithmcanbe usedto learnan MLN
from scratch,or to re�ne anexistingknowledgebase.
We have applied it in two real-world domains,and
foundthatit outperformsusingoff-the-shelfILP sys-
temsto learntheMLN structure,aswell aspureILP,
purelyprobabilisticandpurelyknowledge-basedap-
proaches.

1. Intr oduction

Statisticallearninghandlesuncertaintyin arobustandprin-
cipled way. Relationallearning(alsoknown asinductive
logic programming)modelsdomainsinvolvingmultiplere-
lations.Recentyearshave seena surgeof interestin com-
bining the two, drivenby therealizationthatmany (if not
most) applicationsrequireboth, and by the growing ma-
turity of the two �elds (Dietterichet al., 2003). Most ap-
proachesto datecombinea logical language(e.g.,Prolog,
descriptionlogics)with Bayesiannetworks(e.g.,Friedman
et al. (1999); KerstingandDe Raedt(2001)). However,
theneedto avoid cyclesin Bayesiannetworkscausesmany
dif�culties whenextendingthemto relationalrepresenta-
tions (Taskaret al., 2002). An alternative is to useundi-
rectedgraphicalmodels,alsoknown asMarkov networks
or Markov random�elds. This is the approachtaken in
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relationalMarkov networks (Taskaret al., 2002). How-
ever, RMNs usea very restrictedlogical language(con-
junctive databasequeries),and this limits the complexity
of phenomenathey canef�ciently represent.In particular,
RMNs requirespaceexponentialin thesizeof thecliques
in the underlying Markov network. Recently, Richard-
son and Domingos(2004) introducedMarkov logic net-
works(MLNs), which allow thefeaturesof theunderlying
Markov network to be speci�ed by arbitrary formulasin
�nite �rst-order logic, andcancompactlyrepresentdistri-
butionsinvolving largecliques.

RichardsonandDomingosusedan off-the-shelfILP sys-
tem (CLAUDIEN (De Raedt& Dehaspe,1997)) to learn
thestructureof MLNs. This is unlikely to give thebestre-
sults,becauseCLAUDIEN (like otherILP systems)is de-
signedto simply �nd clausesthatholdwith someaccuracy
andfrequency in thedata,not to maximizethedata's like-
lihood (andhencethe quality of the MLN' s probabilistic
predictions). In this paper, we develop an algorithm for
learningthe structureof MLNs by directly optimizing a
likelihood-typemeasure,and show experimentallythat it
outperformsthe approachof Richardsonand Domingos.
The resultingsystemis arguablythe mostpowerful com-
binationto dateof statisticalandrelationallearning,while
still having acceptablecomputationalrequirements.

Webegin by brie�y reviewing thenecessarybackgroundin
ILP (Section2), Markov networks(Section3), andMarkov
logic networks(Section4). We thendescribein detailour
algorithmfor structurelearningin MLNs (Section5). Fi-
nally, we report our experimentswith the new algorithm
anddiscusstheir results(Section6).

2. Logic and ILP

A �r st-order knowledge base(KB) is a setof sentencesor
formulasin �rst-order logic (Genesereth& Nilsson,1987).
Formulasareconstructedusingfour typesof symbols:con-
stants,variables,functions,andpredicates.Constantsym-
bols representobjectsin thedomainof interest(e.g.,peo-
ple: Anna, Bob, Chris , etc.). Variable symbols range
over the objectsin the domain. Functionsymbols(e.g.,
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MotherOf) representmappingsfrom tuplesof objectsto
objects. Predicatesymbolsrepresentrelationsamongob-
jectsin thedomain(e.g.,Friends ) or attributesof objects
(e.g.,Smokes). A term is any expressionrepresentingan
object in the domain. It can be a constant,a variable,
or a function applied to a tuple of terms. For example,
Anna, x, andMotherOf(x) areterms. An atomicformula
or atomis a predicatesymbolappliedto a tuple of terms
(e.g.,Friends (x; MotherOf(Anna))). A ground term is
a term containingno variables.A groundatomor ground
predicateis anatomicformulaall of whoseargumentsare
groundterms. Formulasarerecursively constructedfrom
atomicformulasusinglogical connectivesandquanti�ers.
A positiveliteral is anatomicformula;a negativeliteral is
a negatedatomicformula. A KB in clausalform is a con-
junctionof clauses, a clausebeinga disjunctionof literals.
A de�nite clauseis aclausewith exactlyonepositiveliteral
(thehead, with thenegative literalsconstitutingthebody).
A possibleworld or Herbrandinterpretationassignsatruth
valueto eachpossiblegroundpredicate.

ILP systemslearnclausalKBs from relationaldatabases,
or re�ne existing KBs (Lavra�c & D�zeroski,1994). In the
learning from entailmentsetting,the systemsearchesfor
clausesthat entail all positive examplesof somerelation
(e.g.,Friends ) andno negativeones.For example,FOIL
(Quinlan,1990)learnseachde�nite clauseby startingwith
the target relationastheheadandgreedilyaddingliterals
to the body. In the learning from interpretationssetting,
the examplesare databases,and the systemsearchesfor
clausesthat are true in them. For example,CLAUDIEN
(De Raedt& Dehaspe,1997),startingwith a trivially false
clause,repeatedlyformsall possiblere�nementsof thecur-
rentclausesby addingliterals,andaddsto theKB theones
thatsatisfyaminimumaccuracy andcoveragecriterion.

MACCENT(Dehaspe,1997)is anearlyexampleof a sys-
tem that combinesILP with probability. It �nds themax-
imum entropy distribution over a setof classesconsistent
with a setof constraintsexpressedasclauses.Like our al-
gorithm, it builds on Markov network ideas;however, it
only performsclassi�cation, while the goal hereis to do
generalprobability estimation(i.e., learn the joint distri-
bution of all predicates). Also, MACCENT only allows
deterministicbackgroundknowledge,while MLNs allow it
to be uncertain;and MACCENT classi�es eachexample
separately, while MLNs allow for collectiveclassi�cation.

3. Mark ov Networks

A Markov network(alsoknown asMarkov random�eld )
is a model for the joint distribution of a set of variables
X = (X 1; X 2; : : : ; X n ) 2 X (Della Pietraet al., 1997). It
is composedof anundirectedgraphG andasetof potential
functions� k . Thegraphhasa nodefor eachvariable,and

the model hasa potentialfunction for eachclique in the
graph. A potentialfunction is a non-negative real-valued
functionof thestateof thecorrespondingclique.Thejoint
distribution representedby a Markov network is givenby

P(X = x) =
1
Z

Y

k

� k (x f kg) (1)

wherex f kg is the stateof the kth clique (i.e., the stateof
the variablesthat appearin that clique). Z , known asthe
partition function, is given by Z =

P
x 2X

Q
k � k (x f kg).

Markov networks are often conveniently representedas
log-linear models, with eachclique potentialreplacedby
an exponentiatedweightedsum of featuresof the state,
leadingto

P(X = x) =
1
Z

exp

0

@
X

j

wj f j (x)

1

A (2)

A featuremaybeany real-valuedfunctionof thestate.This
paperwill focus on binary features,f j (x) 2 f 0; 1g. In
themostdirecttranslationfrom thepotential-functionform
(Equation1), there is one featurecorrespondingto each
possiblestatex f kg of eachclique, with its weight being
log � k (x f kg). This representationis exponentialin thesize
of the cliques. However, we are free to specify a much
smallernumberof features(e.g., logical functionsof the
stateof theclique),allowing for a morecompactrepresen-
tation than the potential-functionform, particularlywhen
largecliquesarepresent.MLNs takeadvantageof this.

Markov network weightshave traditionally beenlearned
usingiterativescaling(DellaPietraet al., 1997).However,
maximizing the likelihood (or posterior)using a quasi-
Newton optimization method like L-BFGS has recently
beenfoundto bemuchfaster(Sha& Pereira,2003).Work
on learningthestructure(i.e., thefeatures)of Markov net-
workshasbeenrelatively sparseto date.Della Pietraet al.
(1997) induceconjunctive featuresby startingwith a set
of atomicfeatures(theoriginal variables),conjoiningeach
currentfeaturewith eachatomicfeature,addingto thenet-
work theconjunctionthatmostincreaseslikelihood,andre-
peating.McCallum(2003)extendsthis to thecaseof con-
ditional random�elds, whichareMarkov networkstrained
to maximizethe conditionallikelihoodof a setof outputs
givena setof inputs.

4. Mark ov Logic Networks

A �rst-order KB canbe seenasa setof hardconstraints
on thesetof possibleworlds: if a world violatesevenone
formula, it haszeroprobability. The basicideain MLNs
is to softentheseconstraints:whena world violatesone
formula in the KB it is lessprobable,but not impossible.
The fewer formulasa world violates, the more probable
it is. Eachformula hasan associatedweight that re�ects
how stronga constraintit is: the higher the weight, the
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greaterthe differencein log probability betweena world
thatsatis�estheformulaandonethatdoesnot,otherthings
beingequal.

De�nition 4.1 (Richardson& Domingos,2004)A Markov
logic networkL is a set of pairs (Fi ; wi ), where Fi is a
formula in �r st-order logic and wi is a real number. To-
getherwith a �nite setof constantsC = f c1; c2; : : : ; cjC j g,
it de�nesa Markov networkM L;C (Equations1 and2) as
follows:

1. M L;C contains one binary node for each possible
groundingof each predicateappearingin L . Thevalue
of the nodeis 1 if the ground predicateis true, and 0
otherwise.

2. M L;C containsonefeature for each possiblegrounding
of each formulaFi in L . Thevalueof this feature is 1 if
thegroundformulais true, and0 otherwise. Theweight
of thefeature is thewi associatedwith Fi in L .

Thusthereis an edgebetweentwo nodesof M L;C if f the
correspondinggroundpredicatesappeartogetherin at least
one groundingof one formula in L . An MLN can be
viewed as a templatefor constructingMarkov networks.
FromDe�nition 4.1andEquations1 and2, theprobability
distributionoverpossibleworldsx speci�edby theground
Markov network M L;C is givenby

P(X = x) =
1
Z

exp

 
FX

i =1

wi ni (x)

!

(3)

whereF is the numberformulasin the MLN and n i (x)
is the numberof true groundingsof Fi in x. As formula
weightsincrease,anMLN increasinglyresemblesa purely
logical KB, becomingequivalentto onein the limit of all
in�nite weights.

In this paperwe will focuson MLNs whoseformulasare
function-freeclausesandassumedomainclosure,ensuring
that the Markov networks generatedare �nite (Richard-
son & Domingos, 2004). In this case,the groundings
of a formula areformedsimply by replacingits variables
with constantsin all possibleways. For example,if C =
f Anna; Bobg, the formula 8x Smokes(x) ) Cancer(x)
in the MLN L yields the featuresSmokes(Anna) )
Cancer(Anna) and Smokes(Bob) ) Cancer(Bob) in
the groundMarkov network M L;C . SeeRichardsonand
Domingos(2004,TableII) for details.

MLN weights can be learnedby maximizing the likeli-
hoodof a relationaldatabase.(As often in ILP, a closed-
world assumptionis made,wherebyall groundatomsnot
in thedatabaseareassumedfalse.)However, asin Markov
networks,this requirescomputingtheexpectednumberof
truegroundingsof eachformula,which cantake exponen-
tial time. Although this computationcanbedoneapprox-
imatelyusingMarkov chainMonteCarlo inference(Della

Pietraetal.,1997),RichardsonandDomingosfoundthisto
betooslow. Instead,they maximizedthepseudo-likelihood
of the data,a widely-usedalternative (Besag,1975). If x
is a possibleworld (relationaldatabase)andx l is the l th
groundatom's truth value,the pseudo-log-likelihoodof x
givenweightsw is

logP �
w (X = x) =

nX

l =1

logPw (X l = x l jM Bx (X l )) (4)

whereM Bx (X l ) is thestateof X l 'sMarkov blanket in the
data(i.e., thetruthvaluesof thegroundatomsit appearsin
somegroundformulawith), and

P(X l = x l jM Bx (X l )) =
exp

� P F

i =1
w i n i (x )

�

exp
� P F

i =1
w i n i (x [X l= 0]

�
+exp

� P F

i =1
w i n i (x [X l= 1]

� (5)

wheren i (x) is the numberof true groundingsof the i th
formulain x, n i (x [X l=0]) is thenumberof truegroundings
of the i th formula whenwe force X l = 0 and leave the
remainingdataunchanged,andsimilarly for n i (x [X l=1]).

SinglaandDomingos(2005)proposedadiscriminativeap-
proachto learningMLN weights,but did not learnMLN
structure,like we do here.RichardsonandDomingos�rst
learnedthe structureof an MLN usingCLAUDIEN, and
thenlearnedmaximumpseudo-likelihoodweightsfor it us-
ing L-BFGS.In thenext sectionwe proposea sounderap-
proach.

5. Structure Learning in MLNs

MLN structurelearningcanstart from an emptynetwork
or from an existing KB. Either way, like Richardsonand
Domingos (2004), we have found it useful to start by
addingall unit clauses(singlepredicates)to theMLN. The
weightsof thesecapture(roughly speaking)the marginal
distributionsof thepredicates,allowing the longerclauses
to focusonmodelingpredicatedependencies.

The designspacefor MLN structurelearningalgorithms
includesthechoiceof evaluationmeasure,clauseconstruc-
tion operators,searchstrategy, andspeedupmethods.We
discusseachof thesein turn.

5.1.Evaluation Measures

We initially usedthe samepseudo-likelihoodmeasureas
Richardsonand Domingos(Equation4). However, we
found this to give undueweight to the largest-aritypred-
icates,resultingin poormodelingof the rest. We thusde-
�ned theweightedpseudo-log-likelihood(WPLL) as

logP �
w (X = x) =

P
r 2 R cr

P gr
k=1 logPw (X r ;k = xr ;k jM Bx (X r ;k )) (6)
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whereR is thesetof �rst-order predicates,gr is thenum-
berof groundingsof �rst-order predicater , andx r ;k is the
truth value(0 or 1) of thekth groundingof r . Thechoice
of predicateweightscr dependson theuser'sgoals.In our
experiments,wesimplysetcr = 1=gr , whichhastheeffect
of weightingall �rst-order predicatesequally. If modeling
a predicateis not important(e.g.,becauseit will alwaysbe
part of the evidence),we set its weight to zero. We used
WPLL in all versionsof MLN learningin ourexperiments.
To combatover�tting, wepenalizetheWPLL with astruc-

tureprior of e� �
P F

i =1
di , wheredi is thenumberof pred-

icatesthatdiffer betweenthecurrentversionof theclause
andthe original one. (If the clauseis new, this is simply
its length.)This is similar to theapproachusedin learning
Bayesiannetworks (Heckermanet al., 1995). Following
RichardsonandDomingos,we alsopenalizeeachweight
with a Gaussianprior.

A potentiallyseriousproblemthat ariseswhenevaluating
candidateclausesusingWPLL is that the optimal (maxi-
mum WPLL) weightsneedto be computedfor eachcan-
didate. Given that this involves numericaloptimization,
andmay needto be donethousandsor millions of times,
it could easily make the algorithmtoo slow to be practi-
cal. Indeed,in theUW-CSEdomain(seenext section),we
foundthatlearningtheweightsusingL-BFGStook 3 min-
utesonaverage,whichis fastenoughif only doneonce,but
unfeasibleto do for every candidateclause. Della Pietra
et al. (1997)andMcCallum (2003)addressthis problem
by assumingthat the weightsof previous featuresdo not
changewhentestinganew one.Surprisingly, wefoundthis
to beunnecessaryif weusetheverysimpleapproachof ini-
tializing L-BFGSwith thecurrentweights(andzeroweight
for a new clause).Althoughin principleall weightscould
changeasthe resultof introducingor modifying a clause,
in practicethis seldomhappens.Second-order, quadratic-
convergencemethodslike L-BFGS areknown to be very
fastif startedneartheoptimum.Thisiswhathappensin our
case;L-BFGStypically convergesin just a few iterations,
sometimesone.Thetimerequiredto evaluateaclauseis in
factdominatedby thetimerequiredto computethenumber
of its truegroundingsin thedata,andthis is a problemwe
focuson in Subsection5.4.

5.2.ClauseConstruction Operators

WhenlearninganMLN from scratch(i.e.,from asetof unit
clauses),thenaturaloperatorto useis theadditionof a lit-
eral to a clause.Whenre�ning a hand-codedKB, thegoal
is to correcttheerrorsmadeby thehumanexperts.These
errorsincludeomittingconditionsfrom rulesandincluding
spuriousones,andcanbe correctedby operatorsthat add
andremove literals from a clause.Thesearethebasicop-
eratorsthatwe use. In addition,we have foundthatmany

commonerrors(wrongdirectionof implication,wronguse
of connectiveswith quanti�ers, etc.) canbe correctedat
theclauselevel by �ipping thesignsof predicates,andwe
alsoallow this. Whenaddinga literal to a clause,we con-
siderall possiblewaysin which the literal's variablescan
besharedwith existing ones,subjectto theconstraintthat
the new literal mustcontainat leastonevariablethat ap-
pearsin an existing one. To control thesizeof thesearch
space,we set a limit on the numberof distinct variables
in a clause.We only try removing literals from the origi-
nal hand-codedclausesor their descendants,andwe only
considerremoving a literal if it leavesat leastonepathof
sharedvariablesbetweeneachpair of remainingliterals.

5.3.Search Strategies

We have implementedtwo searchstrategies,onefasterand
onemorecomplete.The�rst approachaddsclausesto the
MLN one at a time, using beamsearchto �nd the best
clauseto add:startingwith theunit clausesandtheexpert-
suppliedones,weapplyeachlegalliteral additionanddele-
tion to eachclause,keeptheb bestones,apply theopera-
tors to those,andrepeatuntil no new clauseimprovesthe
WPLL. The chosenclauseis the onewith highestWPLL
found in any iterationof the search. If the new clauseis
a re�nement of a hand-codedone, it replacesit. (Notice
that,eventhoughwe bothaddanddeleteliterals,no loops
canoccurbecauseeachchangemustimproveWPLL to be
accepted.)

Thesecondapproachaddsk clausesat a time to theMLN,
and is similar to that of McCallum (2003). In contrast
to beamsearch,which addsthe bestclauseof any length
found,thisapproachaddsall “good” clausesof lengthl be-
foreattemptingany of lengthl + 1. We call it shortest-�rst
search.

Table1 shows thestructurelearningalgorithmin pseudo-
code, Table 2 shows beam search,and Table 3 shows
shortest-�rstsearchfor thecasewheretheinitial MLN con-
tainsonly unit clauses.

5.4.SpeedupTechniques

The algorithmsdescribedin the previous sectionmay be
very slow, particularly in large domains. However, they
canbe greatlyspedup usinga combinationof techniques
thatwe now describe.

� Richardsonand Domingos (2004) list several ways
of speedingup the computationof the pseudo-log-
likelihood and its gradient,and we apply them to the
WPLL (Equation6). In addition,in Equation5 we ig-
noreall clausesthatthepredicatedoesnotappearin.

� When learning MLN weights to evaluate candidate
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Table1. MLN structurelearningalgorithm.

function StructLearn(R , M LN , D B )
inputs: R , asetof predicates

M LN , aclausalMarkov logic network
D B , a relationaldatabase

output: Modi�ed M LN
Add all unit clausesfrom R to M LN
for eachnon-unitclausec in M LN (optionally)

Try all combinationsof sign�ips of literalsin c, and
keeptheonethatgivesthehighestWPLL(M LN , D B )

C lauses 0  f All clausesin M LN g
LearnWeights(M LN , D B )
Scor e  WPLL(M LN , D B )
repeat

C lauses  FindBestClauses(R , M LN , Scor e, C lauses 0 , D B )
if C lauses 6= ;

Add C lauses to M LN
LearnWeights(M LN , D B )
Scor e  WPLL(M LN , D B )

until C lauses = ;
for eachnon-unitclausec in M LN

Prunec from M LN unlessthis decreasesWPLL(M LN , D B )
return M LN

clauses,we use a looser convergencethresholdand
lower maximumnumberof iterationsfor L-BFGSthan
whenupdatingtheMLN with thechosenclause(s).

� Wecomputethecontributionof apredicateto theWPLL
approximatelyby uniformly samplinga fraction of its
groundings(true andfalseonesseparately),computing
theconditionallikelihoodof eachone(Equation5), and
extrapolatingthe average.The numberof samplescan
be chosento guaranteethat, with high con�dence, the
chosenclause(s)arethesamethatwould beobtainedif
wecomputedtheWPLL exactly. Thiseffectively makes
the runtime of the WPLL computationindependentof
thenumberof predicategroundings(Hulten& Domin-
gos,2002). At the endof the algorithmwe do a �nal
roundof weightlearningwithoutsubsampling.

� We useasimilar strategy to computethenumberof true
groundingsof a clause,requiredfor the WPLL andits
gradient.In particular, weusethealgorithmof Karpand
Luby (1983). In practice,we found that the estimates
converge much fasterthan the algorithm speci�es, so
we run the convergencetestof DeGrootandSchervish
(2002,p. 707)afterevery 100samplesandterminateif
it succeeds.In addition,we uselooserconvergencecri-
teriaduringcandidateclauseevaluationthanduringup-
datewith thechosenclause.(SeeSebagandRouveirol
(1997)for a relateduseof samplingin ILP.)

� Whenmostclauseweightsdo not changesigni�cantly
with eachrun of L-BFGS, neitherdo mostconditional
log-likelihoods (CLLs) of ground predicates(log of
Equation5). We take advantageof this by storing the
CLL of eachsampledgroundpredicate,andonly recom-
putingit if a clauseweightaffectingit changesby more

Table2. Beamsearchfor thebestclause.

function FindBestClauses(R , M LN , Scor e, C lauses 0 , D B )
inputs: R , asetof predicates

M LN , aclausalMarkov logic network
Scor e, WPLL of M LN
C lauses 0 , a setof clauses
D B , a relationaldatabase

output: B estC lause , a clauseto beaddedto M LN
B estC lause  ;
B estGain  0
B eam  C lauses 0
Save theweightsof theclausesin M LN
repeat

C andidates  CreateCandidateClauses(B eam , R)
for eachclausec 2 C andidates

Add c to M LN
LearnWeights(M LN , D B )
Gain (c)  WPLL(M LN , D B ) � Scor e
Remove c from M LN
Restoretheweightsof theclausesin M LN

B eam  f Theb clausesc 2 C andidates with highest
Gain (c) > 0 andwith W eig ht (c) > � > 0 g

if Gain (Bestclausec� in B eam ) > B estGain
B estC lause  c�

B estGain  Gain (c� )
until B eam = ; or B estGain hasnot changedin two iterations
return f B estC lause g

thansomethreshold� . Whena CLL changes,we sub-
tractits old valuefrom thetotal WPLL andaddthenew
one. The computationof the gradientof the WPLL is
similarly optimized.

� We usea lexicographicorderingon clausesto avoid re-
dundantcomputationsfor clausesthat aresyntactically
identical. (However, we do not detectclausesthat are
semanticallyequivalentbut syntacticallydifferent; this
is an NP-completeproblem.) We also cachethe new
clausescreatedduring each searchand their counts,
avoiding theneedto recomputethemin latersearches.

6. Experiments

6.1.Databases

We carried out experiments on two publicly-
available databases: the UW-CSE database used
by Richardson and Domingos (2004) (available at
http://www.cs.washington.edu/ai/mln),and McCallum's
Cora databaseof computer science citations as seg-
mented by Bilenko and Mooney (2003) (available at
http://www.cs.utexas.edu/users/ml/riddle/data/cora.tar.gz).

The UW-CSE domain consists of 22 predicatesand
1158 constantsdivided into 10 types. Types include:
publication, person, course, etc. Predicatesinclude:
Professor (person), AdvisedBy(person1; pers on2),
etc. Using typed variables,the total numberof possible
groundpredicatesis 4,055,575. The databasecontainsa
total of 3212 tuples(groundatoms). We usedthe hand-
codedknowledgebaseprovidedwith it, which includes94
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Table3. Shortest-�rstsearchfor thebestclauses.

function FindBestClauses(R , M LN , Scor e, C lauses 0 , D B )
inputs: R , asetof predicates

M LN , aclausalMarkov logic network
Scor e, WPLL of M LN
C lauses 0 , a setof clauses
D B , a relationaldatabase

output: B estC lauses , asetof clausesto beaddedto M LN
Save theweightsof theclausesin M LN
if this is the�rst time FindBestClausesis called

C andidates  ;
l  1

repeat
if l = 1 or this is not the�rst iterationof therepeatloop

if thereis no clausein C andidates of length< l
thatwasnot previously extended
l  l + 1

C lauses  f Clausesof lengthl � 1 in M LN not previ-
ouslyextendedg [ f s bestclausesof lengthl � 1 in
C andidates not previously extendedg

C andidates  C andidates [
CreateCandidateClauses(C lauses , R )

for eachclausec 2 C andidates not previouslyevaluated
Add c to M LN
LearnWeights(M LN , D B )
Gain (c)  WPLL(M LN , D B ) � Scor e
Remove c from M LN
Restoretheweightsof theclausesin M LN

C andidates  f m bestclausesin C andidates g
until l = l max or thereis aclausec 2 C andidates with

Gain (c) > 0 andW eig ht (c) > � > 0
B estC lauses  f Thek clausesc 2 C andidates with highest

Gain (c) > 0 andwith W eig ht (c) > � > 0 g
C andidates  C andidates n B estC lauses
return B estC lauses

formulasstatingregularitieslike: eachstudenthasat most
oneadvisor;if a studentis an authorof a paper, so is her
advisor;etc. Notice that thesestatementsarenot always
true,but aretypically true.

The Cora datasetis a collection of 1295 different cita-
tions to 112 computerscienceresearchpapers. We used
the author, venue, title and year �elds. The goal is to
determinewhich pairs of citationsrefer to the samepa-
per (i.e., to infer the truth values of all groundingsof
SameCitation (c1; c2)). Thesevaluesareavailablein the
data. Additionally, we canattemptto deduplicatethe au-
thor, title andvenuestrings,andwelabeledthesemanually.
We de�ned predicatesfor each�eld thatdiscretizetheper-
centageof wordsthattwo stringshave in common.For ex-
ample, WordsInCommonInTitle 20%(titl e1; ti tle 2)
is trueif f thetwo titles have 0-20%of their wordsin com-
mon. Thesepredicatesarealwaysgiven asevidence,and
we do not attempt to predict them. Using typed vari-
ables, the total numberof possibleground predicatesis
5,225,411.The databasecontaineda total of 378,589tu-
ples(groundatoms). A hand-craftedKB for this domain
wasprovidedby a colleague;it contains26 clausesstating
regularitieslike: if two citationsarethesame,theirauthors,
venues,etc.,arethesame,andvice-versa;if two �elds of
the sametype have many wordsin common,they arethe
same;etc.

6.2.Systems

We comparednine versionsof MLN learning: weight
learningappliedto thehand-codedKB (MLN(KB)); struc-
ture learningusingCLAUDIEN, FOIL andAleph (Srini-
vasan,2000) followed by weight learning (respectively
MLN(CL), MLN(FO) and MLN(AL)); structure learn-
ing using CLAUDIEN with the KB providing the lan-
guagebias as in Richardsonand Domingos(2004), fol-
lowed by weight learningon the output of CLAUDIEN
mergedwith the KB (MLN(KB+CL)); structurelearning
using our algorithm with beamsearch,starting from an
empty MLN (MLN(SLB)), startingfrom the hand-coded
KB (MLN(KB+SLB)), andstartingfrom an emptyMLN
but allowing hand-codedclausesto be addedduring the
�rst searchstep(MLN(SLB+KB)); andstructurelearning
usingouralgorithmwith shortest-�rstsearch,startingfrom
an empty MLN (MLN(SLS)). We addedunit clausesto
all nine systems. In addition, we comparedMLN learn-
ing with three pure ILP approaches(CLAUDIEN (CL),
FOIL (FO), and Aleph (AL)), a pure knowledge-based
approach(the hand-codedKB (KB)), the combinationof
CLAUDIEN and the hand-codedKB as describedabove
(KB+CL), and two pure probabilistic approaches(naive
Bayes(NB) (Domingos& Pazzani,1997) and Bayesian
networks(BN) (Heckermanet al., 1995)).Noticethat ILP
learnerslike FOIL andAleph arenot directly comparable
with MLNs (or CLAUDIEN), becausethey only learn to
predictdesignatedtargetpredicates,asopposedto �nding
arbitrary regularitiesover all predicates.For an approxi-
matecomparison,we usedFOIL andAleph to learnrules
with eachpredicateasthetargetin turn.

We usedthe algorithm of Richardsonand Domingosto
constructattributesfor the naive BayesandBayesiannet-
work learners.Sinceour goalis to measurepredictiveper-
formanceoverall predicates,not just theAdvisedBy(x; y)
predicatethat Domingosand Richardsonfocusedon, we
learneda naive Bayesclassi�er and a Bayesiannetwork
for eachpredicate.(Attemptingto learna singleBayesian
network to predictall predicatessimultaneouslygave very
poor results;this is not surprising,sincein this casethere
are only four examplesto learn from – one per training
area.)Following RichardsonandDomingos,wetriedusing
order-1andorder-1+2attributes,andreportthebestresults.

We usedthesamesettingsfor CLAUDIEN asRichardson
and Domingos,and let CLAUDIEN run for 24 hourson
a SunBlade1000workstation.1 We usedthedefault FOIL
parametersettingsexceptfor themaximumnumberof vari-
ablesperclause,whichwesetto 5 (UW-CSE)and6 (Cora),
and the minimum clauseaccuracy, which we set to 50%.
For Aleph,weusedall of thedefaultsettingsexceptfor the
maximumclauselength,which we setto 4 (UW-CSE)and

1CLAUDIEN only runsonSolarismachines.
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7 (Cora).Theparametersusedfor ourstructurelearningal-
gorithmswereasfollows: � = 0:01 (UW-CSE)and0.001
(Cora);maximumvariablesperclause= 5 (UW-CSE)and
6 (Cora);2 � = 1 (UW-CSE)and0.01(Cora); � = 10� 4;
s = 200; m = 100; 000; lmax = 3 (UW-CSE) and 7
(Cora); and k = 10 (UW-CSE) and 1 (Cora). L-BFGS
was run with the following parameters:maximumitera-
tions= 10,000(tight) and10 (loose);convergencethresh-
old = 10� 5 (tight) and10� 4 (loose). Themeanandvari-
anceof the Gaussianprior weresetto 0 and100, respec-
tively, in all runs.Parametersweresetin anadhocmanner,
andper-fold optimizationusinga validationsetcouldcon-
ceivablyyield betterresults.

6.3.Methodology

In theUW-CSEdomain,we usedthesameleave-one-area-
out methodologyasRichardsonandDomingos(2004). In
the Cora domain,we performed� ve runs with train-test
splitsof approximatelyequalsize,ensuringthatno trueset
of matchingrecordswassplit betweentrain and test sets
to avoid contamination.For eachsystemon eachtestset,
wemeasuredtheconditionallog-likelihood(CLL) andarea
undertheprecision-recallcurve (AUC) for eachpredicate.
The advantageof the CLL is that it directly measuresthe
quality of theprobabilityestimatesproduced.Theadvan-
tageof theAUC is thatit is insensitive to thelargenumber
of truenegatives(i.e., groundatomsthatarefalseandpre-
dictedto be false). TheCLL of a predicateis theaverage
over all its groundingsof the log of Equation5, which we
smoothedby usinga weightedaverageof this valuewith a
prior of 0.5 (with weightsof 0.99and0.01,respectively).
The precision-recallcurve for a predicateis computedby
varying the thresholdCLL above which a groundatomis
predictedto be true. For both CLL andAUC, the values
we reportareaveragesoverall predicates(in theUW-CSE
domain)or all non-evidencepredicates(in the Cora do-
main),with all predicatesweightedequally. We computed
the standarddeviationsof the AUCs using the methodof
Richardsonand Domingos(2004). To obtain probabili-
ties from the ILP modelsand hand-codedKBs (required
to computeCLLs andAUCs), we treatedthemasMLNs
with all equalin�nite weights.

6.4.Results

Theresultson theUW-CSEdomainareshown in Table4,
andtheresultsonCoraareshown in Table5.3 All versions
of our MLN structurelearningalgorithm greatly outper-

2In the Cora domain, we further sped up learning by
using syntactic restrictions on clauses similar to CLAU-
DIEN's declarative bias; details are in an online appendixat
http://www.cs.washington.edu/ai/lsmln.

3We tried Aleph with many different parametersettingson
Cora,but it alwayscrashedby runningoutof memory.

Table4. Experimentalresultson theUW-CSEdatabase.
System CLL AUC
MLN(SLS) � 0.061� 0.004 0.533� 0.003
MLN(SLB) � 0.088� 0.005 0.472� 0.004
MLN(KB+SLB) � 0.140� 0.005 0.430� 0.003
MLN(SLB+KB) � 0.071� 0.005 0.551� 0.003
MLN(KB+CL) � 0.115� 0.005 0.506� 0.004
MLN(CL) � 0.151� 0.005 0.306� 0.001
MLN(FO) � 0.208� 0.006 0.140� 0.000
MLN(AL) � 0.223� 0.006 0.148� 0.001
MLN(KB) � 0.142� 0.005 0.429� 0.003
KB+CL � 0.789� 0.012 0.318� 0.003
CL � 0.574� 0.010 0.170� 0.004
FO � 0.661� 0.003 0.131� 0.001
AL � 0.579� 0.006 0.117� 0.000
KB � 0.812� 0.011 0.266� 0.003
NB � 0.370� 0.005 0.390� 0.003
BN � 0.166� 0.004 0.397� 0.002

Table5. Experimentalresultson theCoradatabase.
System CLL AUC
MLN(SLS) � 0.054� 0.000 0.813� 0.001
MLN(SLB) � 0.058� 0.000 0.782� 0.001
MLN(KB+SLB) � 0.055� 0.000 0.828� 0.001
MLN(SLB+KB) � 0.058� 0.000 0.782� 0.001
MLN(KB+CL) � 0.069� 0.000 0.799� 0.001
MLN(CL) � 0.158� 0.001 0.148� 0.000
MLN(FO) � 0.213� 0.000 0.529� 0.001
MLN(KB) � 0.066� 0.000 0.809� 0.001
KB+CL � 0.191� 0.001 0.658� 0.001
CL � 0.693� 0.000 0.148� 0.000
FO � 0.717� 0.001 0.583� 0.001
KB � 0.229� 0.001 0.657� 0.001
NB � 0.411� 0.001 0.096� 0.001
BN � 0.257� 0.001 0.107� 0.000

form using ILP systemsto learn MLN structure,in both
CLL andAUC, in both domains. This is consistentwith
ourhypothesisthatdirectlyoptimizing(pseudo-)likelihood
whenlearningstructureyields bettermodels. In both do-
mains,shortest-�rstsearchstartingfrom anemptynetwork
(MLN(SLS)) gives the best overall results,but is much
slower thanbeamsearch(MLN(SLB)) (seebelow).

The purely logical approaches(CL, FO, AL, KB and
KB+CL) did quitepoorly. This occurredbecausethey as-
signedvery low probabilitiesto true groundatomswhen-
ever they werenot entailedby thelogical KB, andthis oc-
curredquite often. Learningweightsfor the hand-coded
KBs wasquitehelpful,con�rming theutility of transform-
ing KBs into MLNs. However, structurelearning gave
the best overall results. In the UW-CSE domain, re�n-
ing thehand-codedKB (MLN(KB+SLB)) did not improve
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on learningfrom scratch.Structurelearningwasunableto
breakout of the local optimumrepresentedby MLN(KB),
leadingto poorperformance.This problemis overcomeif
we start insteadfrom an emptyKB but allow hand-coded
clausesto be addedduring the �rst stepof beamsearch
(MLN(SLB+KB)).

MLNs also greatly outperformedthe purely probabilistic
approaches(NB andBN). This wasparticularlynoticeable
in theUW-CSEdomain,whichcontainslittle conventional
attribute-valuedatabut muchrelationalinformation.

In the UW-CSE domain,shortest-�rstsearchwithout the
speedupsdescribedin Subsection5.4 did not �nish run-
ning in 24hoursonaclusterof 15dual-CPU2.8GHzPen-
tium 4 machines.With thespeedups,it took anaverageof
5.3hours.For beamsearch,thespeedupsreducedaverage
running time from 13.7 hoursto 8.8 hourson a standard
2.8GHzPentium4 CPU.To investigatethecontributionof
eachspeed-uptechnique,we reranshortest-�rstsearchon
onefold of theUW-CSEdomain,leaving outonetechnique
atatime. Clauseandpredicatesamplingprovidethelargest
speedups(six-fold and� ve-fold, respectively), andweight
thresholdingthesmallest(1.025). Noneof the techniques
adverselyaffect AUC, andpredicatesamplingis the only
onethat signi�cantly reducesCLL (disablingit improves
CLL from � 0.059to � 0.038). Inferencetimeswererela-
tively short,takingamaximumof 1 minute(UW-CSE)and
12minutes(Cora)onastandard2.8GHzPentium4 CPU.

We havealsoappliedour algorithmsto two time-changing
domains,and shown that they outperformpure ILP and
purelyprobabilisticapproachesthere(Sanghaietal.,2005).

In summary, both our algorithmsare effective; we rec-
ommend using shortest-�rst search when accuracy is
paramount,andbeamsearchwhenspeedis a concern.

7. Conclusionand Future Work

Markov logic networksareapowerful combinationof �rst-
order logic andprobability. We have introducedan algo-
rithm to automaticallylearn �rst-order clausesand their
weightsin MLNs. Empirical testswith real-world datain
two domainshaveshown thepromiseof ourapproach.

Directionsfor futurework includespeedingup thecount-
ing of thenumberof truegroundingsof a �rst-order clause
(the most signi�cant bottleneckin our algorithm),study-
ing alternateweight learningapproaches,probabilistically
boundingthelossin accuracy dueto subsampling,andex-
tendingourapproachto probabilisticpredicatediscovery.
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