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Abstract

Markov logic networks (MLNs) combinelogic and
probabilityby attachingveightsto rst-order clauses,
andviewing theseastemplatedor featureof Markov
networks. In this paperwe develop an algorithm
for learningthe structureof MLNs from relational
databaseg;ombiningideasfrom inductive logic pro-
gramming(ILP) andfeatureinductionin Markov net-
works. The algorithm performsa beamor shortest-
rst searchof the spaceof clauses,guided by a
weightedpseudo-lilelihood measure. This requires
computingthe optimal weights for each candidate
structure,but we shav how this can be doneef-
ciently. Thealgorithmcanbe usedto learnan MLN
from scratchor to re ne anexistingknowledgebase.
We have appliedit in two real-world domains,and
foundthatit outperformsusingoff-the-shelflLP sys-
temsto learnthe MLN structure aswell aspurelLP,
purely probabilisticand purely knowledge-basedp-
proaches.

1. Intr oduction

Statisticalearninghandlesuncertaintyin arobustandprin-
cipledway. Relationallearning(alsoknown asinductive
logic programmingjnodelsdomaingnvolving multiple re-
lations. Recentyearshave seena suige of interestin com-
bining the two, drivenby the realizationthat mary (if not
most) applicationsrequire both, and by the growing ma-
turity of thetwo elds (Dietterichet al., 2003). Most ap-
proachego datecombinea logical languag€e.g.,Prolog,
descriptionlogics)with Bayesiametworks(e.g.,Friedman
etal. (1999); Kerstingand De Raedt(2001)). However,
theneedto avoid cyclesin Bayesiametworkscausesnary
dif culties when extendingthemto relationalrepresenta-
tions (Taskaret al., 2002). An alternatve is to useundi-
rectedgraphicalmodels,alsoknown asMarkov networks
or Markov random elds. This is the approachtaken in
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relational Markov networks (Taskaret al., 2002). How-
ever, RMNs usea very restrictedlogical language(con-
junctive databasejueries),andthis limits the compleity
of phenomendghey canef ciently representin particular
RMNs requirespaceexponentialin the size of the cliques
in the underlying Markov network. Recently Richard-
son and Domingos(2004) introducedMarkov logic net-
works (MLNSs), which allow the featuresof the underlying
Markov network to be speci ed by arbitrary formulasin
nite rst-order logic, andcancompactlyrepresentistri-
butionsinvolving largecliques.

Richardsorand Domingosusedan off-the-shelfILP sys-
tem (CLAUDIEN (De Raedt& Dehaspe1997))to learn
thestructureof MLNs. Thisis unlikely to give the bestre-
sults,becauseCLAUDIEN (like otherILP systems)s de-
signedto simply nd clauseghathold with someaccuray

andfrequeng in the data,not to maximizethe datas like-
lihood (and hencethe quality of the MLN's probabilistic
predictions). In this paper we develop an algorithm for

learningthe structureof MLNs by directly optimizing a
likelihood-typemeasureand shov experimentallythat it

outperformsthe approachof Richardsonand Domingos.
The resultingsystemis arguably the most powerful com-
binationto dateof statisticalandrelationallearning,while

still having acceptableomputationatequirements.

We begin by brie y reviewing thenecessarpackgroundn
ILP (Section2), Markov networks(Section3), andMarkov
logic networks (Sectiond). We thendescriben detail our
algorithmfor structurelearningin MLNs (Section5). Fi-
nally, we reportour experimentswith the new algorithm
anddiscusgheir results(Section6).

2.Logic and ILP

A r st-oder knowled@ base(KB) is a setof sentencesr
formulasin rst-order logic (Geneseretl& Nilsson,1987).
Formulasareconstructedisingfour typesof symbols:con-
stantsyariables functions,andpredicates Constanisym-
bols represenbbjectsin the domainof interest(e.g.,peo-
ple: Anna Boh Chris, etc.). Variable symbolsrange
over the objectsin the domain. Functionsymbols(e.g.,
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MotherOf) represenimappingsfrom tuplesof objectsto

objects. Predicatesymbolsrepresentelationsamongob-
jectsin thedomain(e.g.,Friends ) or attributesof objects
(e.g.,Smoke}. A termis ary expressionrepresentingan
objectin the domain. It can be a constant,a variable,
or a function appliedto a tuple of terms. For example,
Anng x, andMotherOf(x) areterms. An atomicformula
or atomis a predicatesymbolappliedto a tuple of terms
(e.g., Friends (x; MotherOf(Anng)). A groundtermis

a term containingno variables.A groundatomor ground
predicateis anatomicformulaall of whoseargumentsare
groundterms. Formulasare recursvely constructedrom

atomicformulasusinglogical connectvesandquanti ers.
A positiveliteral is anatomicformula;a negativeliteral is

anegatedatomicformula. A KB in clausalformis a con-
junction of clausesa clausebeinga disjunctionof literals.
A de nite clauseis aclausewith exactly onepositiveliteral

(the head with the negative literals constitutingthe body).

A possibleworld or Herbrandinterpretationassignstruth

valueto eachpossiblegroundpredicate.

ILP systemdearn clausalKBs from relationaldatabases,
or re ne existing KBs (Lavrac & Dzeroski,1994). In the
learning from entailmentsetting, the systemsearchesor
clausesthat entail all positive examplesof somerelation
(e.g.,Friends ) andno negative ones.For example,FOIL
(Quinlan,1990)learnseachde nite clauseby startingwith
the targetrelationasthe headand greedilyaddingliterals
to the body. In the learning from interpretationssetting,
the examplesare databasesand the systemsearchedor
clauseghat are true in them. For example, CLAUDIEN
(De Raedt& Dehaspel997),startingwith atrivially false
clauserepeatedlformsall possiblere nementsof thecur-
rentclausedy addingliterals,andaddsto the KB theones
thatsatisfya minimumaccurag andcoveragecriterion.

MACCENT (Dehaspe1997)is anearly exampleof a sys-
temthat combinedLP with probability. It nds the max-
imum entropy distribution over a setof classesconsistent
with a setof constraintexpressedsclausesLike our al-
gorithm, it builds on Markov network ideas; however, it
only performsclassi cation, while the goal hereis to do
generalprobability estimation(i.e., learnthe joint distri-
bution of all predicates). Also, MACCENT only allows
deterministidbackgroundcknowledge while MLNs allow it
to be uncertain;and MACCENT classi es eachexample
separatelywhile MLNs allow for collective classi cation.

3. Mark ov Networks

A Markov network(alsoknown as Markov random eld)
is a modelfor the joint distribution of a setof variables

is composeaf anundirectedgraphG anda setof potential
functions . Thegraphhasanodefor eachvariable,and

the model hasa potentialfunction for eachclique in the
graph. A potentialfunctionis a non-ngjative real-valued
functionof the stateof the correspondinglique. Thejoint
distribution representetly a Markov network is givenby

1Y
P(X=x)= = @)
g
wherexXs 4 is the stateof the kth clique (i.e., the stateof
the variablesthat appearin thatcliqqg). Z,bnown asthe
partition function is givenby Z = = .. " k(Xfkg)-
Markov networks are often corveniently representedas
log-linear models with eachclique potentialreplacedby
an exponentiatedweighted sum of featuresof the state,
leadingto 0 1

k (Xt kg)

X
P(X =x) = Zlexp@ w; fj (x)A @

i
A featuremaybeary real-valuedfunctionof thestate.This
paperwill focuson binary features,fj(x) 2 f0;1g. In
themostdirecttranslatiorfrom the potential-functiorform
(Equationl), thereis one featurecorrespondingo each
possiblestatexs 4 of eachclique, with its weight being
log «(Xfkg). Thisrepresentatiors exponentialiin thesize
of the cliques. However, we are free to specify a much
smallernumberof features(e.qg., logical functionsof the
stateof theclique), allowing for amorecompactrepresen-
tation thanthe potential-functionform, particularly when
large cliquesarepresentMLNs take advantageof this.

Markov network weights have traditionally beenlearned
usingiterative scaling(Della Pietraetal., 1997). However,

maximizing the likelihood (or posterior)using a quasi-
Newton optimization method like L-BFGS has recently
beenfoundto be muchfaster(Sha& Pereira2003). Work

onlearningthe structure(i.e., the features)f Markov net-
works hasbeenrelatively sparseo date.Della Pietraetal.

(1997) induce conjunctie featuresby startingwith a set
of atomicfeaturegthe original variables) conjoiningeach
currentfeaturewith eachatomicfeature addingto the net-
work theconjunctiorthatmostincreasetik elihood,andre-

peating.McCallum (2003)extendsthis to the caseof con-
ditionalrandom elds, which areMarkov networkstrained
to maximizethe conditionallik elihood of a setof outputs
givenasetof inputs.

4. Mark ov Logic Networks

A rst-order KB canbe seenasa setof hard constraints
on the setof possibleworlds: if aworld violatesevenone
formula, it haszeroprobability The basicideain MLNs
is to softentheseconstraints:when a world violatesone
formulain the KB it is lessprobable,but notimpossible.
The fewer formulasa world violates, the more probable
it is. Eachformula hasan associatedveight thatre ects
how stronga constraintit is: the higherthe weight, the
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greaterthe differencein log probability betweena world
thatsatis estheformulaandonethatdoesnot, otherthings
beingequal.

De nition 4.1 (Richardson& Domingos2004)A Markov
logic networkL is a setof pairs (F;;w;), where F; is a
formulain r st-oder logic andw; is a real number To-

it de nesa Markov networkM |.c (Equationsl and2) as
follows:

1. M¢c contains one binary node for ead possible
groundingof eadh predicateappearingin L. Thevalue
of the nodeis 1 if the ground predicateis true, and O
otherwise

2. M ¢ containsonefeatuie for ead possiblegrounding
of each formulaF; in L. Thevalueof thisfeatueis 1 if
thegroundformulais true, and 0 otherwise Theweight
of thefeatureis thew; associatedvith F; in L.

Thusthereis an edgebetweentwo nodesof M .c iff the
correspondingroundpredicatesppeatogetheiin atleast
one groundingof one formulain L. An MLN can be
viewed as a templatefor constructingMarkov networks.
FromDe nition 4.1andEquationsl and2, the probability
distribution over possibleworldsx speci edby theground

Markov network M .c is givenby
!

Wi nj (X) (3)
i=1
whereF is the numberformulasin the MLN and n;(x)
is the numberof true groundingsof F; in x. As formula
weightsincreaseanMLN increasinglyresembles purely
logical KB, becomingequialentto onein thelimit of all
in nite weights.

P(X=x)= Zlexp

In this paperwe will focuson MLNs whoseformulasare
function-freeclausesandassumelomainclosure ensuring
that the Markov networks generatecare nite (Richard-
son & Domingos, 2004). In this case,the groundings
of a formula are formed simply by replacingits variables
with constantsn all possibleways. For example,if C =
f Anng Boly, the formula 8x Smokeg¢x) ) Cancer(x)
in the MLN L vyields the features Smokeg¢Anng )
Cancer(Anng and Smoke¢Bob) ) Cancer(Bob in
the groundMarkov network M.c . SeeRichardsorand
Domingos(2004,Tablell) for details.

MLN weights can be learnedby maximizing the likeli-
hood of a relationaldatabase (As oftenin ILP, a closed-
world assumptioris made,wherebyall groundatomsnot
in thedatabasareassumedalse.)However, asin Markov
networks, this requirescomputingthe expectednumberof
true groundingsof eachformula, which cantake exponen-
tial time. Although this computationcanbe doneapprox-
imately usingMarkov chainMonte Carloinference(Della

Pietraetal., 1997),RichardsorandDomingosfoundthisto
betooslow. Insteadthey maximizedthe pseudo-likelihood
of the data,a widely-usedalternatve (Besag,1975). If x
is a possibleworld (relationaldatabaseand x, is the Ith
groundatom'’s truth value, the pseudo-log-lilelihoodof x
givenweightsw is

X
logP, (X =x) =
I=1
whereM B, (X)) is thestateof X|'s Markov blanketin the
data(i.e., thetruth valuesof the groundatomsit appearsn
somegroundformulawith), and

log Pw (X1 = x1JM By (X))  (4)

P(Xi=xjM BX(XIB =
p exp i1 wini!g)F (5)

=
exp o WiNi(Xpx =0 +exp Wini (Xpx =1

i=1

wheren;(x) is the numberof true groundingsof the ith
formulain x, ni (X[x =oj) is thenumberof true groundings
of the ith formulawhenwe force X, = 0 andleave the
remainingdataunchangedandsimilarly for n; (X;x =1;)-

SinglaandDomingos(2005)proposed discriminative ap-
proachto learningMLN weights,but did not learn MLN

structure Jike we do here. Richardsorand Domingos rst

learnedthe structureof an MLN using CLAUDIEN, and
thenlearnednaximumpseudo-lilkelihoodweightsfor it us-
ing L-BFGS.In the next sectionwe proposea soundemap-
proach.

5. Structure Learning in MLNs

MLN structurelearningcan startfrom an empty network

or from an existing KB. Eitherway, like Richardsorand
Domingos (2004), we have found it useful to start by

addingall unit clausegsinglepredicatesjo the MLN. The

weightsof thesecapture(roughly speaking)the maginal

distributionsof the predicatesallowing the longerclauses
to focuson modelingpredicatedependencies.

The designspacefor MLN structurelearningalgorithms
includesthechoiceof evaluationmeasureglauseconstruc-
tion operatorssearchstratgy, andspeedupnethods.We
discusseachof thesein turn.

5.1.Evaluation Measures

We initially usedthe samepseudo-liklihood measureas
Richardsonand Domingos (Equation4). However, we
found this to give undueweight to the largest-aritypred-
icates,resultingin poor modelingof the rest. We thusde-
ned theweightedpseudo-log-lilelihood(WPLL) as

logP,, (X :F>)<) =
2R G oy 0GP (Xrk = Xk jM By (X)) (6)
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whereR is the setof rst-order predicatesg; is the num-
berof groundingsof rst-order predicater, andx; k is the
truth value (0 or 1) of the kth groundingof r. The choice
of predicateneightsc, depend®ntheusersgoals.In our
experimentswe simplysetc; = 1=g, which hastheeffect
of weightingall rst-order predicatesqually If modeling
apredicatds notimportant(e.g.,becausét will alwaysbe
part of the evidence),we setits weightto zero. We used
WPLL in all versionsof MLN learningin our experiments.
To combatover t&ng we penalizeéhe WPLL with astruc-

ture prior of e = % whered; is the numberof pred-
icatesthat differ betweenrthe currentversionof the clause
andthe original one. (If the clauseis new, thisis simply
its length.) This is similar to theapproachusedin learning
Bayesiannetworks (Heckermanet al., 1995). Following
Richardsorand Domingos,we also penalizeeachweight
with a Gaussiarprior.

A potentially seriousproblemthat ariseswhenevaluating
candidateclausesusing WPLL is that the optimal (maxi-

mum WPLL) weightsneedto be computedfor eachcan-
didate. Given that this involves numericaloptimization,
and may needto be donethousandsr millions of times,
it could easily make the algorithmtoo slow to be practi-
cal. Indeed,in the UW-CSEdomain(seenext section)we

foundthatlearningtheweightsusingL-BFGStook 3 min-

utesonaveragewhichis fastenoughf only doneonce but

unfeasibleto do for every candidateclause. Della Pietra
etal. (1997)andMcCallum (2003) addresghis problem
by assuminghat the weightsof previous featuresdo not
changewvhentestinganew one.Surprisingly we foundthis

to beunnecessarny we usethevery simpleapproactof ini-

tializing L-BFGSwith thecurrentweights(andzeroweight
for anew clause).Althoughin principle all weightscould
changeastheresultof introducingor modifying a clause,
in practicethis seldomhappens.Second-ordermquadratic-
corvergencemethodslike L-BFGS are known to be very
fastif startecheartheoptimum.Thisis whathappenén our
case;L-BFGStypically corvergesin just a few iterations,
sometime®ne. Thetime requiredto evaluatea clauses in

factdominatedby thetime requiredto computehenumber
of its true groundingsin the data,andthisis a problemwe
focusonin Subsectiorb.4.

5.2.ClauseConstruction Operators

WhenlearninganMLN from scratchi.e.,from asetof unit
clauses)the naturaloperatorto useis the additionof a lit-
eralto a clause.Whenre ning ahand-codedB, thegoal
is to correctthe errorsmadeby the humanexperts. These
errorsincludeomitting conditionsfrom rulesandincluding
spuriousones,andcanbe correctedby operatorghatadd
andremove literals from a clause.Thesearethe basicop-
eratorsthatwe use. In addition,we have foundthatmary

commonerrors(wrongdirectionof implication,wronguse
of connectveswith quanti ers, etc.) canbe correctedat

the clauselevel by ipping thesignsof predicatesandwe

alsoallow this. Whenaddinga literal to a clause we con-
siderall possiblewaysin which the literal's variablescan
be sharedwith existing ones,subjectto the constrainthat
the new literal mustcontainat leastone variablethat ap-
pearsin an existing one. To control the sizeof the search
space,we seta limit on the numberof distinct variables
in a clause.We only try removing literals from the origi-

nal hand-codedlausesor their descendantgandwe only

consideremoving aliteral if it leavesat leastone path of

sharedvariablesbetweereachpair of remainingliterals.

5.3.Search Strategies

We have implementedwo searctstratgies,onefasterand
onemorecomplete.The rst approachaddsclausego the
MLN one at a time, using beamsearchto nd the best
clauseto add: startingwith theunit clausesandthe expert-
suppliedoneswe applyeachlegalliteral additionanddele-
tion to eachclause keepthe b bestones,apply the opera-
torsto those,andrepeatuntil no new clauseimprovesthe
WPLL. The chosenclauseis the onewith highestWPLL
foundin ary iteration of the search. If the new clauseis
a re nementof a hand-codedne, it replacest. (Notice
that,eventhoughwe bothaddanddeleteliterals,no loops
canoccurbecauseachchangemustimprove WPLL to be
accepted.)

Thesecondapproachaddsk clausesatatimeto the MLN,
and is similar to that of McCallum (2003). In contrast
to beamsearchwhich addsthe bestclauseof ary length
found,thisapproactaddsall “good” clause®f lengthl be-
fore attemptingary of lengthl + 1. We call it shortest- rst
seach.

Table 1 shaws the structurelearningalgorithmin pseudo-
code, Table 2 shavs beam search,and Table 3 shavs
shortest- rstsearctfor thecasewheretheinitial MLN con-
tainsonly unit clauses.

5.4.SpeedupTechniques

The algorithmsdescribedn the previous sectionmay be
very slow, particularlyin 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 themto the

WPLL (Equation6). In addition,in Equation5 we ig-

noreall clauseghatthepredicatedoesnotappeain.

When learning MLN weights to evaluate candidate
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Tablel. MLN structurelearningalgorithm.

Table2. BeamsearcHor thebestclause.

function StructLeartR, M LN ,DB)
inputs: R, asetof predicates
M LN , aclausalMarkov logic network
D B, arelationaldatabase
output: Modied M LN
Add all unit clausefromR toM LN
for eachnon-unitclausec in M LN  (optionally)
Try all combinationf sign ips of literalsin c, and
keeptheonethatgivesthe highestVPLL(M LN ,DB)
Clauses ¢ f All clausesn M LN g
LearnWight§M LN ,D B)
Score WPLLM LN ,DB)
repeat
Clauses FindBestClausg® , M LN , Scor e, Clauses ¢,DB)
if Clauses 6 ;
Add Clauses toM LN
LearnWight{M LN ,D B)
Score WPLLM LN ,DB)
until Clauses = ;
for eachnon-unitclausec in M LN
Prunec fromM LN unlessthis decrease®/PLLM LN ,DB)
return M LN

clauses,we use a looser corvergencethresholdand
lower maximumnumberof iterationsfor L-BFGSthan
whenupdatingthe MLN with the choserclause(s).

We computethecontribution of apredicateo the WPLL
approximatelyby uniformly samplinga fraction of its
groundings(true andfalseonesseparately)computing
the conditionallik elihoodof eachone(Equation5), and
extrapolatingthe average. The numberof samplescan
be chosento guarantedhat, with high con dence, the
choserclause(sjarethe samethatwould be obtainedif
we computedhe WPLL exactly. This effectively makes
the runtime of the WPLL computationindependenbf
the numberof predicategroundings(Hulten & Domin-
gos,2002). At the end of the algorithmwe do a nal
roundof weightlearningwithout subsampling.

We usea similar stratgyy to computethe numberof true
groundingsof a clause,requiredfor the WPLL andits
gradient.In particular we usethealgorithmof Karpand
Luby (1983). In practice,we found that the estimates
corverge much fasterthan the algorithm speci es, so
we run the corvergencetestof DeGrootand Schervish
(2002,p. 707) after every 100 samplesandterminateif
it succeedsln addition,we useloosercorvergencecri-
teriaduring candidateclauseevaluationthanduring up-
datewith the choserclause.(SeeSebagand Rouweirol
(1997)for arelateduseof samplingin ILP.)

When mostclauseweightsdo not changesigni cantly
with eachrun of L-BFGS, neitherdo mostconditional
log-likelihoods (CLLs) of ground predicates(log of
Equation5). We take advantageof this by storingthe
CLL of eachsampledgroundpredicateandonly recom-
putingit if aclauseweightaffectingit changedy more

function FindBestClausd®, M LN , Scor e, Clauses ¢, DB)
inputs: R, asetof predicates
M LN , aclausalMarkov logic network
Scor e, WPLL of M LN
Clauses g, asetof clauses
D B, arelationaldatabase
output: B estC lause , aclauseto beaddedio M LN
B estC lause
B estGain 0
B eam Clauses ¢
Save theweightsof theclausesn M LN
repeat
C andidates CreateCandidateClausg® eam , R)
for eachclausec 2 C andidates
AddctoM LN
LearnWight§M LN ,D B)
Gain (¢) WPLLMLN ,DB) Score
Remawec fromM LN
Restoreheweightsof theclausesn M LN
B eam f Theb clausex 2 Candidates with highest
Gain (c) > OandwithWeight(c) > > 0g
if Gain (Bestclausec in B eam)> B estGain
B estC lause c
B estGain Gain (c )
until Beam = ; orBestGain hasnotchangedn two iterations
return f B estC lause g

thansomethreshold . Whena CLL changeswe sub-
tractits old valuefrom thetotal WPLL andaddthe new
one. The computationof the gradientof the WPLL is
similarly optimized.

We usea lexicographicorderingon clausedo avoid re-
dundantcomputationgor clauseghat are syntactically
identical. (However, we do not detectclausesthat are
semanticallyequivalentbut syntacticallydifferent; this
is an NP-completeproblem.) We also cachethe new

clausescreatedduring each searchand their counts,
avoiding the needto recomputeghemin 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/min),and McCallum's
Cora databaseof computer science citations as seg-
mented by Bilenko and Mooney (2003) (available at
http://www.cs.uteas.edu/users/ml/riddle/dataredar.gz).

The UW-CSE domain consists of 22 predicatesand
1158 constantsdivided into 10 types. Types include:
publication, person, course, etc. Predicatesinclude:
Professor (person), AdvisedBy(personl;person2),
etc. Using typed variables,the total numberof possible
groundpredicateds 4,055,575. The databaseontainsa
total of 3212 tuples(groundatoms). We usedthe hand-
codedknowledgebaseprovidedwith it, whichincludes94
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Table3. Shortest- rstsearchfor the bestclauses.

function FindBestClausd®, M LN , Scor e, Clauses ¢, DB)
inputs: R, asetof predicates
M LN , aclausalMarkov logic network
Scor e, WPLL of M LN
Clauses g, asetof clauses
D B, arelationaldatabase
output: B estC lauses , asetof clausego beaddedto M LN
Save theweightsof theclausesn M LN
if thisis the rst time FindBestClausess called
C andidates
| 1
repeat
if | = 1 orthisis notthe rst iterationof therepeatoop
if thereis no clausein C andidates of length< |
thatwasnot previously extended
| I+ 1
Clauses f Clausef lengthl  1inM LN notprevi-
ouslyextendedg [ f s bestclausef lengthl 1 in
Candidates notpreviously extendedy
C andidates Candidates [
CreateCandidateClausgSlauses , R)
for eachclausec 2 Candidates not previously evaluated
AddctoM LN
LearnWight{M LN ,D B)
Gain (¢) WPLLM LN ,DB)
Remavec fromM LN
Restoreheweightsof theclausesn M LN
C andidates f m bestclausesn C andidates g
until | = Ihax orthereisaclausec 2 Candidates with
Gain (c) > 0OandWeight(c) > > 0
B estC lauses f Thek clausex 2 Candidates with highest
Gain (c) > OandwithWeight(c) > > 0g
Candidates Candidates n B estC lauses
return B estC lauses

Score

formulasstatingregularitieslik e: eachstudenthasat most
oneadvisor;if a studentis anauthorof a paper sois her
advisor; etc. Notice that thesestatementsare not always
true, but aretypically true.

The Cora datasetis a collection of 1295 different cita-
tionsto 112 computerscienceresearchpapers. We used
the author venue,title and year elds. The goalis to

determinewhich pairs of citationsrefer to the samepa-
per (i.e., to infer the truth valuesof all groundingsof

SameCitation (c1; c2)). Thesevaluesareavailablein the
data. Additionally, we canattemptto deduplicatethe au-
thor, title andvenuestrings,andwe labeledthesemanually
We de ned predicatedor each eld thatdiscretizethe per

centageof wordsthattwo stringshave in common.For ex-

ample, WordsInCommoninTie 20%(titl el;ti tle 2)

is trueiff thetwo titles have 0-20%of their wordsin com-
mon. Thesepredicatesare alwaysgivenasevidence,and
we do not attemptto predict them. Using typed vari-

ables, the total numberof possibleground predicatess

5,225,411. The databaseontaineda total of 378,589tu-

ples(groundatoms). A hand-craftedKB for this domain
wasprovidedby a colleagueijt contains?26 clausesstating
regularitieslik e: if two citationsarethesametheirauthors,
venuesgtc., arethe same,andvice-versa;if two elds of

the sametype have mary wordsin common,they arethe
samegtc.

6.2.Systems

We comparednine versionsof MLN learning: weight
learningappliedto the hand-codedB (MLN(KB)); struc-
ture learningusing CLAUDIEN, FOIL and Aleph (Srini-
vasan, 2000) followed by weight learning (respectiely
MLN(CL), MLN(FO) and MLN(AL)); structure learn-
ing using CLAUDIEN with the KB providing the lan-
guagebias asin Richardsonand Domingos(2004), fol-
lowed by weight learning on the output of CLAUDIEN
merged with 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 empty MLN
but allowing hand-codectlausesto be addedduring the
rst searchstep(MLN(SLB+KB)); andstructurelearning
usingour algorithmwith shortest- rstsearchstartingfrom
an empty MLN (MLN(SLS)). We addedunit clausesto
all nine systems. In addition, we comparedMLN learn-
ing with three pure ILP approachegCLAUDIEN (CL),
FOIL (FO), and Aleph (AL)), a pure knowledge-based
approach(the hand-codedB (KB)), the combinationof
CLAUDIEN andthe hand-codedKB as describedabove
(KB+CL), andtwo pure probabilistic approachegnaive
Bayes(NB) (Domingos& Pazzani,1997) and Bayesian
networks (BN) (Heckermanetal., 1995)). NoticethatILP
learnerdike FOIL and Aleph arenot directly comparable
with MLNs (or CLAUDIEN), becausédhey only learnto
predictdesignatedarget predicatesasopposedo nding
arbitrary regularitiesover all predicates.For an approxi-
matecomparisonwe usedFOIL andAleph to learnrules
with eachpredicateasthetargetin turn.

We usedthe algorithm of Richardsonand Domingosto
constructattributesfor the naive Bayesand Bayesiamet-
work learners.Sinceour goalis to measurgredictve per
formanceoverall predicatesnotjustthe AdvisedBy(x; y)
predicatethat Domingosand Richardsorfocusedon, we
learneda naive Bayesclassi er and a Bayesiannetwork
for eachpredicate.(Attemptingto learna single Bayesian
network to predictall predicatesimultaneoushgave very
poor results;this is not surprising,sincein this casethere
are only four examplesto learn from — one per training
area.)Following RichardsorandDomingoswetried using
orderlandorderl+2attributes,andreportthebestresults.

We usedthe samesettingsfor CLAUDIEN asRichardson
and Domingos,and let CLAUDIEN run for 24 hourson
aSunBlade1000workstation! We usedthe default FOIL
parametesettingsexceptfor the maximumnumberof vari-
ablesgperclausewhichwesetto 5 (UW-CSE)and6 (Cora),
andthe minimum clauseaccurag, which we setto 50%.
For Aleph, we usedall of the default settingsexceptfor the
maximumclauseength,which we setto 4 (UW-CSE)and

1CLAUDIEN only runson Solarismachines.
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7 (Cora). Theparametersisedfor our structurdearningal-

gorithmswereasfollows: = 0:01 (UW-CSE)and0.001
(Cora); maximumvariablesperclause= 5 (UW-CSE)and
6 (Cora)? = 1 (UW-CSE)and0.01(Cora); = 10 %

s = 200 m = 100,000 Imax = 3 (UW-CSE)and?7

(Cora);andk = 10 (UW-CSE)and1 (Cora). L-BFGS
was run with the following parameters:maximumitera-
tions= 10,000(tight) and 10 (loose);corvergencethresh-
old= 10 ° (tight) and10 * (loose). The meanandvari-

anceof the Gaussiarprior were setto 0 and 100, respec-
tively, in all runs.Parametersveresetin anadhocmanney
andperfold optimizationusinga validationsetcould con-
ceivablyyield betterresults.

6.3.Methodology

In the UW-CSEdomain,we usedthe samdeave-one-area-
out methodologyasRichardsorand Domingos(2004). In
the Coradomain,we performed ve runswith train-test
splitsof approximatelyequalsize,ensuringhatno trueset
of matchingrecordswas split betweentrain andtest sets
to avoid contamination.For eachsystemon eachtestset,
we measuredheconditionallog-likelihood(CLL) andarea
underthe precision-recalturve (AUC) for eachpredicate.
The advantageof the CLL is thatit directly measureshe
quality of the probability estimategproduced.The advan-
tageof the AUC is thatit is insensitve to thelargenumber
of true negatives(i.e., groundatomsthatarefalseandpre-
dictedto befalse). The CLL of a predicates the average
over all its groundingsof the log of Equation5, whichwe
smootheddy usinga weightedaverageof this valuewith a
prior of 0.5 (with weightsof 0.99and0.01, respectiely).
The precision-recalcurve for a predicateis computedby
varying the thresholdCLL above which a groundatomis
predictedto be true. For both CLL and AUC, the values
we reportareaveragesover all predicategin the UW-CSE
domain)or all non-evidencepredicateq(in the Cora do-
main), with all predicatesveightedequally We computed
the standarddeviations of the AUCs using the methodof
Richardsonand Domingos(2004). To obtain probabili-
ties from the ILP modelsand hand-codeBs (required
to computeCLLs and AUCSs), we treatedthemas MLNs
with all equalin nite weights.

6.4.Results

Theresultson the UW-CSEdomainareshown in Table4,
andtheresultson Coraareshowvn 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 declaratve bias; details are in an online appendixat
http://www.cs.washington.edu/ai/lsmin.

3We tried Aleph with mary different parametersettingson
Cora,but it alwayscrashedy runningout of memory

Table4. Experimentalesultsonthe UW-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. Experimentatesultson the Coradatabase.

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 and AUC, in both domains. This is consistentwith
our hypothesighatdirectly optimizing (pseudo-)lilelihood
whenlearningstructureyields bettermodels. In both do-
mains,shortest- rstsearchstartingfrom anemptynetwork
(MLN(SLS)) gives the bestoverall results, but is much
slowerthanbeamsearciMLN(SLB)) (seebelow).

The purely logical approachegCL, FO, AL, KB and
KB+CL) did quite poorly. This occurredbecausehey as-
signedvery low probabilitiesto true groundatomswhen-
ever they werenot entailedby thelogical KB, andthis oc-
curredquite often. Learningweightsfor the hand-coded
KBs wasquite helpful, con rming the utility of transform-
ing KBs into MLNs. However, structurelearning gave
the bestoverall results. In the UW-CSE domain, re n-
ing thehand-codedB (MLN(KB+SLB)) did notimprove
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onlearningfrom scratch.Structurelearningwasunableto
breakout of thelocal optimumrepresentetty MLN(KB),
leadingto poor performanceThis problemis overcomeif
we startinsteadfrom an empty KB but allow hand-coded
clausesto be addedduring the rst stepof beamsearch
(MLN(SLB+KB)).

MLNSs also greatly outperformedthe purely probabilistic
approachefNB andBN). Thiswasparticularlynoticeable
in the UW-CSEdomain,which containdittle conventional
attribute-valuedatabut muchrelationalinformation.

In the UW-CSE domain, shortest- rstsearchwithout the
speedupglescribedin Subsectiors.4 did not nish run-
ningin 24 hoursona clusterof 15 dual-CPU2.8 GHz Pen-
tium 4 machinesWith the speedupst took anaverageof
5.3 hours.For beamsearchthe speedupseducedaverage
runningtime from 13.7 hoursto 8.8 hourson a standard
2.8GHzPentium4 CPU.To investigatehe contribution of
eachspeed-ugechniquewe reranshortest- rstsearchon
onefold of theUW-CSEdomaineaving outonetechnique
atatime. Clauseandpredicatesamplingprovidethelargest
speedupssix-fold and ve-fold, respectiely), andweight
thresholdingthe smallest(1.025). None of the techniques
adwerselyaffect AUC, and predicatesamplingis the only
onethat signi cantly reducesCLL (disablingit improves
CLL from 0.059to 0.038).Inferencetimeswererela-
tively short,takingamaximumof 1 minute(UW-CSE)and
12 minutes(Cora)on astandard®.8 GHz Pentium4 CPU.

We have alsoappliedour algorithmsto two time-changing
domains,and shavn that they outperformpure ILP and
purelyprobabilisticapproachethere(Sanghaetal.,2005).

In summary both our algorithmsare effective; we rec-
ommend using shortest- rst search when accurag is
paramountandbeamsearchwhenspeeds aconcern.

7. Conclusionand Futur e Work

Markov logic networksareapowerful combinatiorof rst-
orderlogic and probability We have introducedan algo-
rithm to automaticallylearn rst-order clausesand their
weightsin MLNs. Empirical testswith real-world datain
two domainshave shovn the promiseof our approach.

Directionsfor future work include speedingup the count-
ing of thenumberof truegroundingof a rst-order clause
(the mostsigni cant bottleneckin our algorithm), study-
ing alternateweightlearningapproachesprobabilistically
boundingthelossin accurag dueto subsamplingandex-

tendingour approacho probabilisticpredicatediscovery.
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