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Abstract.
Markov Logic Network MLN) structures automatically, directly
from a training dataset. The algorithm follows a bottom-ppraach
by first heuristically transforming the training datasébiboolean ta-
bles, then creating candidate clauses using these boalbks and
finally choosing the best clauses to build i&N. Comparisons to
the state-of-the-art structure learning algorithms N¥&tNs in two
real-world domains show that the proposed algorithm otfopers
them in terms of the conditional log likelihod€LL), and the area
under the precision-recall cur¢aUC).

1 Introduction

In the Machine Learning community, Markov Logic Networks ¢
viewed as the most recent cross-fertilization of logic atadigtical
learning. A Markov Logic Network [15] is a structure, whicimes at
describing a given world with a set of weighted logical fofasu

Let us first remind the definitions of Markov Networks and
Markov Logic Networks. A Markov NetworKMN) is a graphical
model, that consists of a set of vertices representing rangri-
ables, these vertices being connected by edges. Thers arisdge
linking two nodes if the corresponding random variables @e-
ditionally dependent. A weight is associated to each cligluthis
graph. Given the actual value of a subset of the variablesyahue
of the remaining ones can be inferred using some samplitgigoe
such as a Markov-Chain Monte-Cafl@CMC) algorithm [15].

A Markov Logic Network (MLN) L consists of a set of pairs
(Fi,w;), whereF; is a formula in first order logic to which a weight
w; IS given. This latter is a real number, which expresses thatig-
bility” of this formula to be true, in the sense that the highe, the
more likely a grounding of’; to be true. From a MLN and a set of
constantsC’ = {ci,cz,...cc} a Markov Network can be gener-
ated. The nodes (vertices) of this MN correspond to all tioengd
predicates that can be generated with the predicates appaathe

In this paper, we present a generative algorithm to learnrwhich we build the set of candidate clauses to form the MLNcstr

ture. These candidate clauses are evaluated accordinguetghted
pseudo-log-likelihoodWPLL) measure.

This paper is organized as follows: in Section 2 we proposata-s
of-the-art overview of generative learning of MLNs. In Sent3 we
present our approach and compare it to related work. Sedtisn

devoted to experiments and in Section 5, we sum up and propose

some extensions to this work.

2 Generative Learning of Markov Logic Networks

Generative approaches try to induce a global organizatfotheo
world and thus, in the case of a statistical approach, opértie
joint probability distribution of all the variables. Comoing MLNSs,
generative approaches optimize the log-likelihood or geupo-log-
likelihood as proposed in [15]. Weights might be learnechgghe
iterative scaling algorithm [11]. However, using a quasiwton op-
timization method such as tHeBFGS algorithm [9] has recently
showed to be much faster [16].

Regarding generative structure learning, the originabrtigm in
Alchemy [8] consists of two steps. First, it uses the CLAUNIA2]
system to learn a set of clauses. Then it learns the weighhsay-
mizing pseudo-likelihood [15]. In [6], the authors prop@smethod
that combines ideas from the ILP [13] and the feature induactf
Markov Networks. This algorithm involves a beam or shorfast
search in the space of clauses guided by the weighted psegdo-
likelihood (WPLL) [6] measure. These two systems follow a top-
down paradigm where many potential candidate structuresys-
tematically generated without considering data and theduated
using a statistical measure of their fitness to the data. Of [@n
algorithm calledBBUSL follows a bottom-up approach in order to re-
duce the search space. The structurBO8L is composed of three
main phases. In the first phase, BUSL creates a booleanNtbfer
each predicat® in the domain. In the second pha&JS_ applies

formulas and”'. This set can be restricted when constants and vari-the Grow-Shrink Markov Network (GSMIN) algorithm (Bromberg et

ables are typed. Nodes are connected by features, eachefeatu
responding to the grounding of a formufg. A node takes valué

if the corresponding ground predicate is true, O otherwasieature
takes valuel when the corresponding ground formula is true, 0 oth-
erwise.

Both generative and discriminative learning can be appleed
Markov Logic Networks. In this paper we focus on generataarh-
ing. We propose a heuristic method based on propositiatadiz,
that aims at transforming the database into boolean talla®ss-
ing the combinations of literals that exist in the traininatabase.
From these boolean tables we extract a se¢emplate clauses from
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al, 2006) onMP to find every clique of the template network struc-
ture, from which it builds candidate clauses. FindilySL considers
candidate clauses to put into tMLN one-by-one, using thé/PLL
measure to choose clauses andltHBFGS algorithm to set param-
eters. The most recent proposed algorithms aréltB¢lterated Lo-
cal Search) [3] and theHL (Learning via Hyper-graph Lifting) [7].
ILSis based on the iterated local search meta-heuristic tipdores
the space of structures through a biased sampling of thefdet o
cal optima. The algorithm focuses the search not on the fudtes
of solutions but on a smaller subspace defined by the sokuttoat
are locally optimal according to the optimization engimemore de-
tails, it starts by randomly choosing a unit cladsé in the search
space. Then it performs a greedy local search to efficiertigh a
local optimumC L. At this point, a perturbation method is applied



Algorithm 1 Generative Structure Learning (DB, MLN)

Algorithm 2 Form literals (DB, QP)

Set of template clause&I'C = ()
for each predicat§ P do
Form a set of possible literalsL (Algorithm 2)
for each literalLgp € SL do
Find M B(Lgp) (Algorithm 3)
Create template claus&8”' (Algorithm 4)
STC =STCUTC
end for
end for
Add clauses frontT'C into the M LN (Algorithm 5)
Return(MLN)

index = —1
for each true ground atotya of QP do
index = index + 1; Chains[index] = MakeChain(tga)
end for
SortChains by decreasingength
SL = Variablize(Chains|0])
SL = SLU CaptureLiteral(Chains[i]), 1 < ¢ < mazIndex
Return(SL)

builds a sefL of variable literals, then it forms template clauses from
several subsets &, each of them containing at least an occurrence
of QP. To build the sefL of variable literalsHGSM constructs the

leading to the neighbaf' L, of C'Ls and then a greedy local search largest possible set of connected ground atoms corresppialiev-

is applied toC' L to reach another local optimu@L’. The al-

ery true ground atom dP, then heuristically variabilizes them. We

gorithm has to decide whether the search must continue fhem t describe the way this s& is built in Subsection 3.1. For each lit-

previous local optimun@ L¢ or from the last found local optimum

eral Lop € SL, HGSM generates a set of template clauses from

CLY. LHL is a different approach, that directly utilizes data in or- Which it extracts a set of relevant candidate clauses to iaidthe

der to construct candidates. From the training datddet, builds
a hyper-graph from which it forms clauses, that are evatLiaging

MLN. A template clause is built from the variable litefah » and its
neighbors. Once every predicate has been considered we get a set of

theWPLL [7]. Through experiments on two real-world domains, both template clauseSTC. From each template claus¢GSM generates
ILSandLHL have shown improvement over the state-of-the-art algo-all possible candidate clauses (flipping the sign of eaelnali} and

rithms. Although, as far as we know, there is no direct coispar
between/ LS andLHL.

3 Generative Structure Learning

Let us first recall some basic notions of first order logic areken
precise the task at hand. We consider a function-free fidgrdan-
guage composed of a setof predicate symbols, a s€tof constants
and a set of variables. Aatomis an expressiop(t1, . . ., tx ), where
p is a predicate and; are either variables or constants.liferal is
either a positive or a negative atom; it isgeound literal when it
contains no variable; it is @ariable literal when it contains all vari-
ables. Aclause is a disjunction of literals; &lorn clause contains at
most a positive literal. Two ground atoms are said to be cctede
if they share at least one ground term (or argument). A cléesp.
a ground clause) isonnected when there is an ordering of its liter-
alsL; V...V Ly, such that for eacli;, j = 2...p, there exists
a variable (resp. a constant) occurring botilipand L;, i < j. A
variabilization of a ground clause, denoted byar(e), is obtained
by assigning a new variable to each constant and replacinsal
occurrences accordingly.

We have as inputs a database composed of true/false graamd.at
We are looking for a set of clauses with their weights. We dbsdn
this section our algorithm for Heuristic Generative Sttmetiearning
for MLNs, calledHGSM.

In our approach we use the concept of Markov BlankéB),

then keeps the best one according to a given measuré\{PeL).
When every template clause has been considered, we getfaiset o
best clauses, a subset of which will form the fihRdL N. We present
techniques to determine neighbors in Subsection 3.2 aradl detv
template clauses are composed in Subsection 3.3. In Sidrs8ct
we present how the s&'C of template clauses can be used to learn
the finalMLN.

We must emphasize that our approach is, at a first glance,-some
what similar to the principle underlyinBUSL [10]. Both of them
consist of three mains steps: Transforming the relatioatdset into
a boolean table corresponding to each predicate in the doBaild-
ing candidate clauses using these boolean tables anddPcitiunses
into theMLN. Methods used in the first phase can be viewed as dif-
ferent propositionalization approaches [13]lifP. As it is shown in
[13], they are a kind of incomplete reduction, hence theituaf the
boolean table affects the results of the next steps of baitoaphes.
Our approach differs frorBUSL not only in the first step but also in
the remaining ones. In Subsection 3.5 we will discuss thé$er-d
ences in more detail.

3.1 Forming Variable Literals

We use a heuristic technique to form variable literals dbsdr
in Algorithm 2. Given a training databadeB and a predicat®P,
Algorithm 2 returns a seflL of variable literals. For each true ground
atomtga of QP in DB, the set of ground atoms @fB connected to

where theMB of a node is the set of all its neighbors. If two liter- tga is built. Such a set is calledahain, the length of a chain being
als L; and L; occur in a same clause, then they are conditionallythe number of ground atoms in it. The &etis then built so that for

dependent and; must be in theMB of L;, and vice versa.

As a basis of our algorithm, candidate clauses will be etedic
from template clauses. We define a template clause as a disjon
of positive variable literals. This suggests thadlaN (or its template)
can be built from the training dataset by first forming sucts sé
possible variable literals, and then finding links amongrth€lauses
will thus be generated from the template clauses.

We sketch the global structure BfGSM in Algorithm 1. HGSM
tries to find global existing clauses by considering all pratés in
the domain in turn. For a given predica@P, it correspondingly

each chain, there exists a variabilization of it with alligate literals
belonging toSL.

The longest chain is first chosen and variabilized to ineathe
setSL. It is then completed by capturing all the relations of theeot
shorter chains. By variabilizing chains in order of decireg$ength,
reasonably and intuitively, we can expect that the algoritan reuse
more variable literals for the shorter chains, hence the bhainof
variable literals created ifiL is as small as possible. In the variabi-
lization process, the algorithm ensures that differentstammts in a
chain are replaced by different variables.



In order to illustrate our approach, let us consider a trgni
database consisting of 13 ground atoms as follows:
stu(Bart), prof(Ada),advBy(Bart,Ada), pub(T1,Bart), pub(T1,Ada),
pub(T2,Ada), pub(T2,Bart), stu(Betty), prof(Alan), ad-
vBy(Betty,Alan), advBy(Bob,Alan), pub(T3,Betty), pub(T4,Alan).

Let QP={advBy}. Let us start from the true ground atomd-

vBy(Bart,Ada). The longest chain that can be built starting from

this ground atom contains 7 atoms {&&lvBy(Bart,Ada), stu(Bart),
pub(T1,Bart), pub(T2,Bart), prof(Ada), pub(T1,Ada), pub(T2,Ada)}.

The algorithm then variabilizes this chain by assigningheac

constant to a precise variable to get the following set @fréits:
SL={advBy(A,B), stu(A), pub(C,A), pub(D,A), prof(B), pub(C,B),
pub(D,B)}.

Let us consider now the true ground atadvBy(Betty,Alan), then
we get the chain{advBy(Betty,Alan), stu(Betty), prof(Alan), ad-
vBy(Bob,Alan), pub(T3,Betty), pub(T4,Alan)}. The above set of liter-

alsSL is not sufficient to capture the relation among the two ground

atoms{advBy(Betty,Alan), advBy(Bob,Alan)}, and one more literal
advBy(E,B) is added td3...

Let us describe this heuristic technique in more detail Hde-
ing got the initialized sefL, the algorithm scans for every shorter
chain to capture additional variable literals. During tharsprocess
the algorithm follows precisely the two following princgy:

e Check for a new relation: It happens when there is a new rela-
tion between two ground atoms in the considered chain. Famex
ple, the relation between the two ground atofadvBy(Betty,Alan),
advBy(Bob,Alan)} is the new one. As the ground atomd-
vBy(Betty,Alan) is already variabilized by the variable literat-
vBy(A,B) and variable<C,D are already used for other relations in
9., a new variableE is introduced to form a new variable literal
advBy(E,B) to variabilize the true ground atoeuvBy(Bob,Alan). It
guarantees the link betweadvBy(Betty,Alan) andadvBy(Bob,Alan)

by the shared variabl® betweeradvBy(A,B) andadvBy(E,B).

e Check for the existing relations: It happens when there are sev-
eral similar relations (which have occurred in some previoan-
sidered chain) but there does not exist any variabilizatbrit.

Algorithm 3 Find Markov Blanket (DB, SLLqp)

MatrizForGS =0
Find SLPL(Lgp)
for each true/false ground atogga of QP do
fillchar(OneRowO f M atriz, 0)
Find Slpga(qga)
for eachipga € Slpga(gqga) do
if ipga fits someLPL € SLPL(Lgp) then
for each literalL in LPL do
OneRowO f Matriz[L] =1
end for
end if
end for
MatrizForGS.append(OneRowO f Matriz)
end for
GSMN (MatrizForGS)
Return(M B(Lgp))

ally independent or not.

In order to apply theGSMN algorithm, we first build a boolean
table, calledMatrixForGS From this boolean tableZSMN can
easily arrange contingency tables needed to computeytheésts.
MatrixForGSis organized as follows: each column corresponds to a
variable literal; each row corresponds to a true/false igcatom of
the considered predicat®latrixForGYr][c] being true means that
there exists at least a linked-path of connected variable literals
containing variable literal at column c, a linked-path ohnected
ground atorgc starting from the ground atom at row r, and a vari-
abilization ofgc such thatwar(gec) C wve. Here, a linked-path is re-
lated to the relational pathfinding [14] and the relatioriedh@ [18].
Figure 1 presents a part of such a boolean table in our example

Let us consider a connected clauSe= A; V Az V ... V Ag
wherek is the maximum number of literals per clause. Since the
clause is connected, from some literk] we can reach some other
literal A; with at mostk links. For example, considering the clause

For example, we assume that the dataset in our example nsntaip(x)v!Q(%y) V R(y, z), R(y,2) can be reached fro(x) through

one more true ground atompub(T5,Alan). The relation between
advBy(Betty,Alan) and pub(T5,Alan) is similar to the relation be-
tweenadvBy(Betty,Alan) andpub(T4,Alan), both of them sharing the
term Alan at the same positions. The s#t is sufficient to variabi-
lize the relations among the three ground at@uheBy(Betty,Alan),
pub(T3,Betty), pub(T4,Alan) (respectively byadvBy(A,B), pub(C,A),

two links: the link {P(x), Q(x,y)} by the termx and the link
{Q(x.y),R(v,2)} by the termy. This implies that to find links from a
given variable literal g p to the others, we only need to consider the
subset ofa_ that can be reached frofiag p with at mostk links. We
can reasonably expect that this subset is much smallei@hamen
the dataset is large, hence the size of the boolean tablelised

pub(D,B)) but it is not sufficient to variabilize relations among the considerably. Without considering the time and the spkaan be

four ground atomsdvBY(Betty,Alan), pub(T3,Betty), pub(T4,Alan),

pub(T5,Alan). In this case, a new variable litealib(F,B) is used to
variabilizepub(T5,Alan).

Repeating this process until the last true ground atom ofjthen

set as large as needed. Our algorithm uses this value asragiara
to limit the search space. For the sake of simplicity, we bésth
omit this parameter in the presentation.

In the following, alinked-path of variable literals denotes a con-

predicateadvBy, algorithm 2 produces the set of 8 variable literals hocted clause an8LPL(Lgp) denotes the set of all linked-paths

as: S.={ advBy(A,B) stu(A) pub(C,A) pub(D,A) prof(B) pub(C,B)
pub(D,B) adv(E,B)}.

3.2 Finding Neighborsof a VariableLiteral

The next step of our approach performs the task of findingaele
connections among variable literals in the SetFor this purpose we
find the set of neighbors (Markov Blanket) of a variable hleFor
this purpose we propose, as in [10], to use the Grow-ShrinkkMa
Network algorithm GSMN) [5]; it is based on the Pearson’s condi-
tional independence chi-squarg?] statistic test (see [1] for details
of its computation) to determine whether two variables arelition-

of variable literals starting fromg p.

Algorithm 3 describes the steps for finding the Markov Blanke
of a variable literalLgp. For eachtrue/false ground atomgga of
QP, HGSM creates a row in thMatrixForGS It builds every linked-
pathlpga of true ground atoms starting frogua. If ipga satisfies a
linked-path of variable literalsPL in SLPL(Lgp), then for each
variable literalL in LPL, value at rowgga columnL in the Matrix-
ForGSis set totrue. Sipga(gga) denotes the set of alpga. Dur-
ing the process for filling boolean values, the algorithmristigally,
greedily focuses on variable literals that are not yet filiéth true
values to decide whether they are true or not. Algorithm Grret the
Markov Blanket of the input literalg p.



Literals | AdvBy | Stu | Pub | Pub | Prof | Pub | Pub | AdvBy
Groundings L (AB) | (A) |(C.A)|[(D.A)| (B) [(C,B)|(D.B)| (E.B)
advBy(Bart,Ada) 1 1 1 1 1 1 1 0
advBy(Betty.Alan) 1 1 1 1 1 1 1 1
advBy(Bob,Alan) 1 0] 0 0 1 1 1 1
advBy(Betty,Bob) 0 101 1 0|0 0 0
advBy(Alan,Bart) 0 0 1 1 0 1 1 0

Figurel. A part of the boolean table

Algorithm 4 Create template clauseb§p, M B(Lqp), k)
TC =10
for j =2tok do
for each subsefj — 1)-elements S C M B(Lqgp) do
if CheckLink(Lgp, S) then
¢ = CreateTempClause(Lqp, S)
end if
TC=TCUc
end for
end for
Return(T'C)

Let us continue our example by starting from the variablerdit
advBy(A,B). FromadvBy(A,B), the algorithm can reach any element
in the set{stu(A), pub(C,A), pub(D,A), prof(B), pub(C,B), pub(D,B),
adbBy(E,B)}. In this case, it is the whole s&., but as we men-
tioned above, it could be much smaller thdnwhen the dataset is

large.MatrixForGS, each column corresponds to an element in this

set, each row corresponds to a true/false ground atom ofrdw-p
cateadvBy. Figure 1 shows several rows of the boolean taléérix-
ForGSin our example starting from the variable liteemivBy(A,B).
We consider, for example, the row corresponding to the faleand
atom advBy(Betty,Bob). There exists a linked-path of true ground
atoms {advBy(Betty,Bob), stu(Betty)} that satisfies the linked-path
of variable literals{advBy(A,B),stu(A)}, and a linked-path of true
ground atomg advBy(Betty,Bob), publication(T3,Betty)} that satis-
fies the two linked-path of variable litera{sdvBy(A,B), pub(C,A)}
and {advBy(A,B), pub(D,A)}. The values at columns corresponding
to variable literalsstu(A), pub(C,A), pub(D,A) are thus set tarue.
The others are set false.

By applying theGSMN algorithm on this boolean table we get
the MB of the variable literahdvBy(AB) is {stu(A), prof(B), ad-
vBy(E,B)}.

3.3 Creating Template Clauses

A set of template clauses is created from the starting vari- : .
in BestClauses are sorted by decreasing gain, and then checked one-

able literal Lop and its neighbors, given by its Markov Blanket
MB(Lgp), computed by Algorithm 3. ThBseudo-code of this task

is detailed in Algorithm 4. At each iteration, by fixing thember of
literals per clausg, 2 < j < k, wherek is the maximum number of
variable literals per clauselGSM collects every subset of (j —1)-
elements (S C MB(Lqp)) andLgp to form a template clause
The boolean functiolCheckLink(Lgp, S) ensures that each vari-

Algorithm 5 Add clauses to the MLN (DB,MLN,STC,modeClause)

AddUnitClauseIntoM LN ()
LearnWeightsW PLL(M LN, DB)
BestScore = measureW PLL(MLN, DB)
CanClauses = ()
for each template clauséc € STC do
Clauses = CreateClauses(T'c, modeClause)
for each clause; € Clauses do
LearnWeightsW PLL(c;, MLN, DB)
ci.gain = measureW PLL(c;, MLN, DB)
end for
CanClauses = CanClauses U c Wherec.gain = max{c;.gain}
end for
ChooseBestClauses from CanClauses
for each clause in BestClauses do
LearnWeightsW PLL(c, MLN, DB)
NewScore = measureW PLL(c, MLN, DB)
if NewScore > BestScore then
Add clausec into MLN
BestScore = NewScore
end if
end for
PruneClauseFromMLN(MLN, DB)
Return(MLN)

Subsection 3.2. Among template clauses, we fouhdBy (A, B) V
stu(A), advBy(A, B)Vprof(B),advBy(A, B)VadvBy(E, B),
advBy(A, B) V stu(A) V prof(B), etc.

3.4 Adding Clausesintothe MLN

Algorithm 5 describes the task of putting clauses into Aé. N
from the set of template clausesI'C. For each template clause
Tc € STC of lengthn, HGSM generates a s€lauses of clauses by
flipping the sign of each variable literal. Depending on toalgor
on time constraints)}iGSM can restrict the search tdorn clauses
or consider albrbitrary clausesZ™ possible clauses). In [15, 6], the
authors have shown that it is useful to start the generagiaming
of a MLN structure by adding all unit clauses. Thus for eacusé
¢; € Clauses, HGSM first learns weights for #LN composed of
all unit clauseglus c;, and then computes th& P L L of this MLN.
Then HGSM chooses the clause Dlauses that leads to the best
W PLL and adds it into the s&anClauses of candidate clauses. As
proposed in [15, 6], we eliminate several clauses f@anClauses
by keeping only clauses improving/PLL measures and having a
weight greater than a given threshold; this allows time rsgwdur-
ing the next steps. The final set of candidate clauses isdstote
BestClauses.

The learnedvLN is initialized with the set of unit clauses. Clauses

by-one to test whether they can be put into the leaiédll: when
a clause allows improving thé&/PLL it is added into theVILN. As
adding a clause into thBILN might drop down the weight of the
clauses added before, once every claugestClauses has been con-
sidered, we try to prune some clauses ofNHeN, as was done in [6].

able literal inc can reach the other ones. Algorithm 4 returns a set of3 g Comparing to BUSL

template clausesC.
We finish this step by illustrating the set of template clause-
ated from the starting variable literadivBy(A,B) and its neighbors in

The outline of our method, at a first glance, is similar to tlee-g
erative structure learning algorithBUSL [10]. Nevertheless, it dif-



fers deeply in all three steps: the way propositionalizaii® per-

1. DoesHGSM outperformBUSL?

formed, the way to build the set of candidate clauses and #lyetv 2. DoesHGSM perform better the state-of-the-art generative sys-

put clauses into the learn®&dLN:

tems?

e Propositionalization: The boolean tables respectively constructed3. How doesHGSM perform for only Horn clauses?

by BUSL andHGSM are different in the meaning of columns, hence
in the meaning of values of entries. Each column in the tititeof
BUSL corresponds to &Node which can be either a single variable
literal or a conjunction of several variable literals, veng¢ach col-
umn in the tableMatrixForGS of HGSM corresponds to a variable
literal. For instance, starting from the ground ateto(a), knowing
advBy(b,a) and therpub(t,b), BUSL would produce thre&Nodes t1

= {stu(A)}, t2 = {advBy(B,A)} andt3 = {AdvBy(C,A), Pub(D,C)},
while HGSM would produce tree separated variable liteddls=
{stu(A)}, 12 = AdvBYy(B,A) and|3 = Pub(T,B). The number offN-

To answer question 1, we directly comp&#&SM to BUSL. To an-
swer question 2, we comparsSM to the state-of-the-art generative
systemlLSand also refer to the results bHL published in [7]. Fi-
nally, for question 3, we configurddGSM to limit to Horn clauses,
namedHGSM-H.

For all domains, we performegifold cross-validation. For each
system on each test set, we measuredGhk and the area under
the precision-recall curvéAUC) for every predicate. The advantage
of the CLL is that it directly measures the quality of the probability

odes in BUSL can be very high, depending on the number of atomsestimates produced. The advantage oAbi€ is that it is insensitive
allowed perTNode, the size of the database and the links existing be-10 frué negatives (i.e., ground atoms that are false and pvectcted

tween ground atoms. On the contrafdGGSM produces just a set of
variable literals, enough to reflect all possible links ketw ground
atoms. For the-th ground atom of the target predicaMP[r][t] =
true if and only if the conjunction of the set of variable literals is
true, whileMatrixForGY r][1] = true if there exists at least a linked-
path of ground atoms starting from theh true ground atom and
containing a true ground atom bf These differences influence the
performance when applying tl@&SMN algorithm.

e Composing the set of candidate clauses: BUSL usesGSMIN to

to be false). In other words, t#&JC is useful because it demonstrates
how well the algorithm predicts the few positives in the dathe
CLL of a predicate is the average over all its groundings of tbarnpt
atoms log-probability given evidence. The precision-Heaave for

a predicate is computed by varying t6&L threshold above which
a ground atom is predicted to be true. Parameterd f6andBUS.
were set as in [3]. To guarantee the fairness of comparisesseithe
maximum number of literals per clause to 5 for all systemd &s i
shown in [3]. We used the package provided in [4] to compui€.

determine edges amongENodes and composes candidate clauses FOr €ach test set, we ran each system on a Dual-core AMD 2.4 GHz

from cliques ofTNodes. HGSM uses just the MB of the considered
variable literal in order to get a little more clauses. Mm@ can-
didate clauses iBUSL must contain all the literals appearing in a
TNode, meaning that, concerning our example, batiBy(C,A) and
Pub(D,C) of TNodet3 occur together in the clause. This might not
be flexible enough as it might occur that a relevant clauséagm
only one of these two literals.

e Adding clausesinto the MLN: For each cliqueBUSL creates all
possible candidate clauses, then removes duplicatedeslausl fi-
nally considers them one-by-one to put into the MLHGSM just
keeps at most one clause per template clause in the set dflatend
clauses.

4 EXPERIMENTS
4.1 Datasets

We used UW-CSE and CORA, the two publicly-available
datasets from http://alchemy.cs.washington.edu/. The UW-CSE

dataset, prepared by Richardson and Domingos (2006), de-

scribes an academic department. The published dataseistsons
of 15 predicates asStudent(person), Professor(person),
AdvisedBy(person, person), Publication(paper, person), etc.

The dataset contains a total of 2673 true ground atoms with th

remainder assumed to lfalse. The CORA dataset is a collection of
citations of computer science papers, created by Andrewadie@,
and later processed by Singla and Domingos (2006) into Sfold
The dataset contains a total of 70367 true and false growndsat
with the others assumed to be false.

4.2 Systemsand Methodology

HGSM has been implemented on top of the Alchemy package [8].

We used the APIs implementation bfBFGSto learn the maximum

WPLL weights. We ourself perform experiments to answer the fol-

lowing questions:

CPU - 4GB RAM machine.

4.3 Resaults

Having learned th&LN, we performed inference for every predicate
on the test folds for both datasets, usinglthey-MC-SAT algorithm.
Lazy-MC-SAT produces probability for every grounding of the query
predicate on the test fold. These probability values weee s com-
pute the averag€LL over all the groundings and the relatadC.
The CLL andAUC of a test fold are averaged over all predicates of
the domain.

Tablel. CLL, AUC measures

UW-CSE CORA

ALGORITHM CLL

-0.358+ 0.019
-0.180+ 0.015
-0.138+ 0.017

-0.103 + 0.020

AUC
0.291+ 0.021
0.257+ 0.019
0.292+ 0.022
0.311 £ 0.014

CLL AUC

0.435+ 0.010
0.501+ 0.018
0.701+ 0.014

0.762 + 0.015

BUSL -0.341+ 0.014
-0.131+ 0.011
-0.108+ 0.013

-0.087 £ 0.016

ILS
HGSM-H
HGSM

Table 1 reports th€LL andAUC measures for all approaches on
both databases. These are the averagt bsandAUCsover all test
folds. It must be noted that, while we used the same pararseter
ting, our results do slightly differ from the ones in [3]. Thtomes
from the fact that we conducted inference using lthey-MC-SAT
instead of theMC-SAT. Table 2 exposes the average number of can-
didate clausefNOC) and final learned claus€BC) and the training
time (in minutesYTT) over all train folds.

First, let us comparelGSM respectively tdUSL andILS HGSM
outperformsBUSL andILSin terms of bothCLL andAUC. We would
like to emphasize thattGSM dominates them not only on average
values, but also for each test fold of each dataset. Howel@&gM



5 CONCLUSION

We have presented a heuristic algorithm for the generataming of
MLN structure. For each predicate in the domain, the algorithst fi
heuristically builds a set of variable literals from whiah heuristi-
cally transform the relational dataset into boolean tal#ash of its
columns corresponds to a variable literal. Then candidateses are
built from these boolean tables, which are added intoMhdéN as
long as they improve its measure (iWPLL). Comparisons show
that the proposed algorithm outperforms the state-ofatthiealgo-
rithms. From the execution-time point of view, we also netichat
our algorithm runs much faster on Horn clauses than on arlitr

) ) ones, at the price of a small loss in termsGifL and AUC. In the
is slower tharBUSL andILSis the fastest system. We can answer t0 ¢t re we plan to improve the performance of our algorithrteims

Table2. Number of clauses and training time

UW-CSE CORA

Alg NOC FC TT NOC FC T

BUSL 362.00 37.00 360.85 188.60 17.75 3412.08

ILS 3104.20 23.40 191.84  1755.00 18.25 1730.08

HGSM-H
HGSM

570.20 23.20 281.43 114.60 17.00 1963.74

1520.00 2360 521.40 143.40 20.25 3849.52

guestion 1 thatiGSM performs better thaBUSL in the sense ofLL
and AUC. Referring to results oEHL [7], HGSM gets betteiCLL
values and worsBUC values forCORA dataset. In spite of the lower
AUC, with the better results thdhSand the bette€LL values than
LHL for the large datas€@ORA, we believe in the domination of our
method compared to the state-of-the-art generative sneitgtarning
algorithms forMLNSs, especially for the task of classification. This is
the answer to question 2. Since tbeL determines the quality of the
probability predictions output by the algorithtdGSM outperforms
ILSandBUSL in the sense of the ability to predict correctly the query

of measures and of execution time. We also plan to apply itter
and more complex domains and also to compare directlyo.
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