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Abstract. There is a growing interest in the field of Probabilistic In-
ductive Logic Programming, which uses languages that integrate logic
programming and probability. Many of these languages are based on the
distribution semantics and recently various authors have proposed sys-
tems for learning the parameters (PRISM, LeProbLog, LFI-ProbLog and
EMBLEM) or both the structure and the parameters (SEM-CP-logic)
of these languages. EMBLEM for example uses an Expectation Maxi-
mization approach in which the expectations are computed on Binary
Decision Diagrams. In this paper we present the algorithm SLIPCASE
for “Structure LearnIng of ProbabilistiC logic progrAmS with Em over
bdds”. It performs a beam search in the space of the language of Logic
Programs with Annotated Disjunctions (LPAD) using the log likelihood
of the data as the guiding heuristics. To estimate the log likelihood of
theory refinements it performs a limited number of Expectation Maxi-
mization iterations of EMBLEM. SLIPCASE has been tested on three
real world datasets and compared with SEM-CP-logic and Learning using
Structural Motifs, an algorithm for Markov Logic Networks. The results
show that SLIPCASE achieves higher areas under the precision-recall
and ROC curves and is more scalable.

Keywords: Probabilistic Inductive Logic Programming, Statistical Re-
lational Learning, Structure Learning, Distribution Semantics.

1 Introduction

The ability to model both complex and uncertain relationships among entities is
very important for learning accurate models in many domains. This originated
a growing interest in the field of Probabilistic Inductive Logic Programming,
which uses languages that integrate logic programming and probability. Many
of these languages are based on the distribution semantics [24], which under-
lies, e.g., Probabilistic Logic Programs [5], Probabilistic Horn Abduction [21],
PRISM [24], Independent Choice Logic [22], pD [11], Logic Programs with An-
notated Disjunctions (LPADs) [28], ProbLog [8] and CP-logic [26]. All these
languages have the same expressive power: there are linear transformations from
one to the others. Efficient inference algorithms have started to appear for them,



which in many cases find explanations for queries and compute their probability
by building a Binary Decision Diagram (BDD).

Recently, various approaches for learning the parameters of these languages
have been proposed: LeProbLog [12] uses gradient descent while LFI-ProbLog
[14] and EMBLEM [2] use an Expectation Maximization approach in which the
expectations are computed directly using BDDs.

In this paper we consider the problem of learning both the structure and
the parameters of languages based on the distribution semantics. To the best of
our knowledge, the only works for learning the structure of languages based on
the distribution semantics are [23], where the authors propose an algorithm for
theory compression for ProbLog, and [19] where the system SEM-CP-logic for
learning ground LPADs is presented.

We propose the algorithm SLIPCASE for “Structure LearnIng of Probabilis-
tiC logic progrAmS with Em over bdds”. It performs a beam search in the space
of LPADs using the log likelihood of the data as the guiding heuristics. To es-
timate the log likelihood of theory refinements it performs a limited number of
Expectation Maximization iterations of EMBLEM. SLIPCASE can learn general
LPADs including non-ground programs.

The paper is organized as follows. Section 2 presents Probabilistic Logic
Programming, concentrating on LPADs. Section 3 discusses related works while
Section 4 describes EMBLEM more in detail. Section 5 illustrates SLIPCASE.
In Section 6 we present the results of the experiments performed. Section 7
concludes the paper and proposes directions for future work.

2 Probabilistic Logic Programming

The distribution semantics [24] is one of the most interesting approaches to
the integration of logic programming and probability. It was introduced for the
PRISM language but is shared by many other languages. A program in one of
these languages defines a probability distribution over normal logic programs
called worlds. This distribution is then extended to queries and the probability
of a query is obtained by marginalizing the joint distribution of the query and the
programs. The languages following the distribution semantics differ in the way
they define the distribution over logic programs but have the same expressive
power: there are transformations with linear complexity that can convert each
one into the others [27, 7]. In this paper we will use LPADs for their general
syntax. We review here the semantics for the case of no function symbols for the
sake of simplicity.

In LPADs the alternatives are encoded in the head of clauses in the form of
a disjunction in which each atom is annotated with a probability.

Formally a Logic Program with Annotated Disjunctions [28] consists of a finite
set of annotated disjunctive clauses. An annotated disjunctive clause Ci is of the
form hi1 : Πi1; . . . ;hini

: Πini
: −bi1, . . . , bimi

. In such a clause hi1, . . . , hini

are logical atoms and bi1, . . . , bimi
are logical literals, {Πi1, . . . , Πini

} are real
numbers in the interval [0, 1] such that

∑ni

k=1 Πik ≤ 1. bi1, . . . , bimi
is called the
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body and is indicated with body(Ci). Note that, if ni = 1 and Πi1 = 1, the
clause corresponds to a non-disjunctive clause. If

∑ni

k=1 Πik < 1, the head of the
annotated disjunctive clause implicitly contains an extra atom null that does
not appear in the body of any clause and whose annotation is 1−

∑ni

k=1 Πik. We
denote by ground(T ) the grounding of an LPAD T .

An atomic choice is a triple (Ci, θj , k) where Ci ∈ T , θj is a substitution
that grounds Ci and k ∈ {1, . . . , ni}. In practice Ciθj corresponds to a random
variable Xij and an atomic choice (Ci, θj , k) to an assignment Xij = k. A set of
atomic choices κ is consistent if only one head is selected for a ground clause. A
composite choice κ is a consistent set of atomic choices. The probability P (κ) of
a composite choice κ is the product of the probabilities of the individual atomic
choices, i.e. P (κ) =

∏
(Ci,θj,k)∈κ Πik.

A selection σ is a composite choice that, for each clause Ciθj in ground(T ),
contains an atomic choice (Ci, θj , k). A selection σ identifies a normal logic pro-
gram wσ defined as wσ = {(hik ← body(Ci))θj |(Ci, θj , k) ∈ σ}. wσ is called a
world of T . Since selections are composite choices, we can assign a probability
to worlds: P (wσ) = P (σ) =

∏
(Ci,θj,k)∈σ Πik. We denote the set of all worlds of

a program by W .
We consider only sound LPADs in which every possible world has a total

well-founded model. We write wσ |= Q to mean that the query Q is true in the
well-founded model of the program wσ.

Let P (W ) be the distribution over worlds. The probability of a query Q given
a world w is P (Q|w) = 1 if w |= Q and 0 otherwise. The probability of a query
Q is given by

P (Q) =
∑

w∈W

P (Q,w) =
∑

w∈W

P (Q|w)P (w) =
∑

w∈W :w|=Q

P (w) (1)

Sometimes a simplification of this semantics can be used to reduce the compu-
tational cost of answering queries. In this simplified semantics random variables
are directly associated to clauses in the programs rather than to their ground
instantiations. So, for a clause Ci, possibly non ground, there is a single random
variable Xi. In this way the number of random variables may be significantly re-
duced and atomic choices take the form (Ci, k), meaning that head hik is selected
from program clause Ci, i.e., that Xi = k . In the experiments on the WebKB
dataset in Section 6 we use this simplification to reduce the computational cost.

Example 1. The following LPAD T encodes a very simple model of the develop-
ment of an epidemic or pandemic:

C1 = epidemic : 0.6; pandemic : 0.3 : −flu(X), cold.
C2 = cold : 0.7.
C3 = flu(david).
C4 = flu(robert).

This program models the fact that if somebody has the flu and the climate is
cold, there is the possibility that an epidemic or a pandemic arises. Clause C1

has two groundings, C1θ1 with θ1 = {X/david} and C1θ2 with θ2 = {X/robert}
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so there are two random variables X11 and X12. Clause C2 instead has only one
grouding C2∅ so there is one random variable X21. T has 18 worlds, the query
epidemic is true in 5 of them and its probability is
P (epidemic) = 0.6·0.6·0.7+0.6·0.3·0.7+0.6·0.1·0.7+0.3·0.6·0.7+0.1·0.6·0.7 =
0.588. In the simplified semantics C1 is associated with a single random variable
X1. In this case T has 6 instances, the query epidemic is true in 1 of them and
its probability is P (epidemic) = 0.6 · 0.7 = 0.42.

It is often unfeasible to find all the worlds where the query is true so inference
algorithms find instead explanations for the query, i.e. composite choices such
that the query is true in all the worlds whose selections are a superset of them.
The problem of computing the probability of a query Q can thus be reduced to
computing the probability of the function

fQ(X) =
∨

κ∈E(Q)

∧

(Ci,θj,k)∈κ

Xij = k (2)

where E(Q) is the set of explanations for Q. Explanations however, differently
from worlds, are not necessarily mutually exclusive with respect to each other,
so the probability of the query can not be computed by a summation as in (1).
The explanations have first to be made disjoint so that a summation can be
computed.

To this purpose Multivalued Decision Diagrams (MDD) [25] are used. A
MDD represents a function f(X) taking Boolean values on a set of multivalued
variables X by means of a rooted graph that has one level for each variable.
Each node is associated with the variable of its level and has one child for each
possible value of the variable. The leaves store either 0 or 1. Given values for
all the variables X, we can compute the value of f(X) by traversing the graph
starting from the root and returning the value associated to the leaf that is
reached. MDDs can be built by combining simpler MDDs using Boolean opera-
tors. While building MDDs, simplification operations can be applied that delete
or merge nodes. Merging is performed when the diagram contains two identical
sub-diagrams, while deletion is performed when all arcs from a node point to the
same node. In this way a reduced MDD is obtained, often with a much smaller
number of nodes with respect to the original MDD.

An MDD can be used to represent fQ(X) and, since MDDs split paths on the
basis of the values of a variable, the branches are mutually disjoint so a dynamic
programming algorithm can be applied for computing the probability.

For example, the reduced MDD corresponding to the query epidemic from
Example 1 is shown in Figure 1(a). The labels on the edges represent the values
of the variable associated with the node.

Most packages for the manipulation of decision diagrams are however re-
stricted to work on Binary Decision Diagrams (BDD), i.e., decision diagrams
where all the variables are Boolean. These packages offer Boolean operators
among BDDs and apply simplification rules to the result of operations in order
to reduce as much as possible the BDD size, obtaining a reduced one.
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A node n in a BDD has two children: the 1-child, indicated with child1(n),
and the 0-child, indicated with child0(n). When drawing BDDs, rather than
using edge labels, the 0-branch - the one going to the 0-child - is distinguished
from the 1-branch by drawing it with a dashed line.

To work on MDDs with a BDD package we must represent multivalued vari-
ables by means of binary variables. Various options are possible, we found that
the following, proposed in [7], gives the best performance. For a multi-valued vari-
able Xij , corresponding to ground clause Ciθj , having ni values, we use ni − 1
Boolean variables Xij1, . . . , Xijni−1 and we represent the equation Xij = k for
k = 1, . . . ni − 1 by means of the conjunction Xij1 ∧ . . . ∧ Xijk−1 ∧ Xijk, and
the equation Xij = ni by means of the conjunction Xij1 ∧ . . . ∧ Xijni−1. The
BDD corresponding to the MDD of Figure 1(a) is shown in Figure 1(b). BDDs
obtained in this way can be used as well for computing the probability of queries
by associating to each Boolean variable Xijk a parameter πik that represents
P (Xijk = 1). The parameters are obtained from those of multivalued variables
in this way: πi1 = Πi1, . . . πik = Πik∏

k−1

j=1
(1−πij)

, . . . up to k = ni − 1.
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Fig. 1. Decision diagrams for Example 1.
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3 Related Work

SLIPCASE is based on EMBLEM [2], that learns LPAD parameters by using
an Expectation Maximization algorithm where the expectations are computed
directly on BDDs. EMBLEM is described in detail in Section 4. EMBLEM is
similar to LFI-ProbLog [14] but differs in the construction of BDDs: while LFI-
ProbLog builds BDDs that represent the application of the whole theory to
an interpretation, EMBLEM focuses on a target predicate, the one for which
we want to obtain good predictions, and builds BDDs starting from atoms for
the target predicate. Moreover, while EMBLEM computes the contributions of
deleted paths with a simple post-processing phase (see Section 4), LFI-ProbLog
treats missing nodes as if they were there when traversing the tree and updates
the counts accordingly.

Previous work on learning the structure of probabilistic logic programs in-
cludes [23], that presents an algorithm for performing theory compression on
ProbLog programs. Theory compression means removing as many clauses as
possible from the theory in order to maximizes the likelihood w.r.t. a set of
positive and negative examples. No new clause can be added to the theory.

The system most related to SLIPCASE is SEM-CP-logic [19], which learns
parameters and structure of ground CP-logic programs. It performs learning
by considering the Bayesian network equivalent to the CP-logic program and
by applying techniques for learning Bayesian networks. In particular, it applies
the Structural Expectation Maximization (SEM) algorithm [10]: it iteratively
generates refinements of the equivalent Bayesian network and it greedily chooses
the one that maximizes the BIC score. SLIPCASE differs from this work because
it uses log likelihood as a score, it keeps a beam of refinements and it refines
a theory by applying standard ILP refinement operators, which allows to learn
non ground theories.

Structure learning has been thoroughly investigated for Markov Logic: in
[16] the authors proposed two approaches. The first is a beam search that adds
a clause at a time to the theory using weighted pseudo-likelihood as a scoring
function. The second is called shortest-first search and adds the k best clauses
of length l before considering clauses with length l + 1.

[20] proposed a bottom-up algorithm for learning Markov Logic Networks
called BUSL that is based on relational pathfinding: paths of true ground atoms
that are linked via their arguments are found and generalized into first-order
rules.

In [17] the structure of Markov Logic theories is learned by applying a gener-
alization of relational pathfinding. A database is viewed as a hyper-graph with
constants as nodes and true ground atoms as hyperedges. Each hyperedge is
labeled with a predicate symbol. First a hypergraph over clusters of constants
is found, then pathfinding is applied on this ‘lifted’ hypergraph. The resulting
algorithm is called LHL.

In [18] the algorithm Learning Markov Logic Networks using Structural Mo-
tifs (LSM) is presented: it is based on the observation that relational data fre-
quently contain recurring patterns of densely connected objects called structural
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motifs. LSM limits the search to these patterns. As LHL, LSM views a database
as a hyper-graph and groups nodes that are densely connected by many paths
and the hyperedges connecting the nodes into a motif. Then it evaluates whether
the motif appears frequently enough in the data and finally it applies relational
pathfinding to find rules. LSM was experimented on various datasets and found
to be superior to other methods, thus representing the state of the art in Markov
Logic Networks’ structure learning and in Statistical Relational Learning in gen-
eral. We compare SLIPCASE with LSM in Section 6.

A different approach is taken in [3] where the algorithm DSL is presented
that performs discriminative structure learning, i.e., it maximizes the conditional
likelihood of a set of outputs given a set of inputs. DSL repeatedly adds a clause
to the theory by iterated local search, which performs a walk in the space of local
optima. We share with this approach the discriminative nature of the algorithm
and the scoring function.

4 EMBLEM

EMBLEM [2] applies the algorithm for performing Expectation Maximization
(EM) over BDDs proposed in [15] to the problem of learning the parameters
of an LPAD. EMBLEM takes as input a number of goals that represent the
examples. For each goal it generates the BDD encoding its explanations. The
typical input for EMBLEM will be a set of interpretations, i.e. sets of ground
facts, each describing a portion of the domain of interest, and a theory. The
user has to indicate which, among the predicates of the input facts, are target
predicates: the facts for these predicates will then form the queries for which
the BDDs are built. The predicates can be treated as closed-world or open-
-world. In the first case the body of clauses is resolved only with facts in the
interpretation. In the second case the body of clauses is resolved both with facts
in the interpretation and with clauses in the theory. If the last option is set and
the theory is cyclic, we use a depth bound on SLD-derivations to avoid going
into infinite loops, as proposed by [13]. Then EMBLEM enters the EM cycle,
in which the steps of Expectation and Maximization are repeated until the log-
likelihood of the examples reaches a local maximum. Expectations are computed
directly over BDDs using the algorithm of [15]. The procedure of EMBLEM can
be viewed in Algorithm 4 without taking into consideration the N and Nmax
variables, used later for a “bounded version” of the algorithm.

The Expectation (see Algorithm 1) phase computes E[cik0|Q] and E[cik1|Q]
for all rules Ci and k = 1, . . . , ni−1, where cikx is the number of times a variable
Xijk takes value x for x ∈ {0, 1} and for all j ∈ g(i) := {j|θj is a substitution
grounding Ci}, i.e., E[cikx|Q] is given by

∑

j∈g(i)

P (Xijk = x|Q)
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In the Maximization phase (see Algorithm 2), πik is computed for all rules Ci

and k = 1, . . . , ni − 1 as

πik =
E[cik1|Q]

E[cik0|Q] +E[cik1|Q]

Algorithm 1 Procedure Expectation
1: function Expectation(BDDs)
2: LL = 0
3: for all BDD ∈ BDDs do

4: for all i ∈ Rules do

5: for k = 1 to ni − 1 do

6: η0(i, k) = 0; η1(i, k) = 0
7: end for

8: end for

9: for all variables X do

10: ς(X) = 0
11: end for

12: GetForward(root(BDD))
13: Prob=GetBackward(root(BDD))
14: T = 0
15: for l = 1 to levels(BDD) do

16: Let Xijk be the variable associated to level l
17: T = T + ς(Xijk)

18: η0(i, k) = η0(i, k) + T × (1 − πik)
19: η1(i, k) = η1(i, k) + T × πik

20: end for

21: for all i ∈ Rules do

22: for k = 1 to ni − 1 do

23: E[cik0] = E[cik0] + η0(i, k)/Prob
24: E[cik1] = E[cik1] + η1(i, k)/Prob
25: end for

26: end for

27: LL = LL+ log(Prob)
28: end for

29: return LL
30: end function

Algorithm 2 Procedure Maximization
1: procedure Maximization

2: for all i ∈ Rules do

3: for k = 1 to ni − 1 do

4: πik =
E[cik1]

E[cik0]+E[cik1]

5: end for

6: end for

7: end procedure

The values of P (Xijk = x|Q) for all i, j, k, x are computed directly on the
BDDs. First, we must compute the probability mass of each path passing through
each node associated with Xijk and going down its x-branch. This is done by
calculating forward and backward probabilities of each node, i.e., the probability
mass of paths from the root to the node and that of the paths from the node to

8



the leaves respectively. P (Xijk = x|Q) is computed from P (Xijk = x,Q), given
by

P (Xijk = x,Q) =
∑

n∈N(Q),v(n)=Xijk

F (n)B(childx(n))πikx

where N(Q) is the set of BDD nodes for query Q, v(n) is the variable associated
with node n, F (n) is the forward probability of node n and B(n) is the backward
probability of node n. The expression F (n)B(childx(n))πikx represents the sum
of the probabilities of all the paths passing through the x-edge of node n. By
indicating with ex(n) such an expression we get

P (Xijk = x,Q) =
∑

n∈N(Q),v(n)=Xijk

ex(n) (3)

Computing the forward probability and the backward probability of BDDs’
nodes requires two traversals of the graph, so its cost is linear in the number of
nodes.

Formula (3) is correct if, when building the BDD, no node has been deleted,
i.e., if a node for every variable appears on each path. If this is not the case, the
contribution of deleted paths must be taken into account. This is done in the
algorithm of [15], by keeping an array ς with an entry for every level l that stores
an algebraic sum of ex(n): those for nodes in upper levels that do not have a
descendant in level l minus those for nodes in upper levels that have a descendant
in level l. In this way it is possible to add the contributions of the deleted paths
by starting from the root level and accumulating ς(l) for the various levels in a
variable T : an ex(n) value which is added to the accumulator T for level l means
that n is an ancestor for nodes in this level. When the x-branch from n reaches
a node in a level l′ ≤ l ex(n) is subtracted from the accumulator, as it is not
relative to a deleted node on the path anymore. This is implemented in a post
processing phase in Algorithm 1.

5 SLIPCASE

SLIPCASE learns an LPAD by starting from an initial theory and by perform-
ing a beam search in the space of refinements of the theory guided by the log
likelihood of the data.

First the parameters of the initial theory are computed using EMBLEM and
the theory is inserted in the beam (see Algorithm 3). Then an iterative phase
begins, where at each step the theory with the highest log likelihood is removed
from the beam. Such a theory is the first of the beam since the theories are kept
ordered. Then SLIPCASE finds the set of refinements of the selected theory that
are allowed by the language bias. modeh and modeb declarations in Progol style
are used to this purpose. The admitted refinements are: the addition of a literal
to a clause, the removal of a literal from a clause, the addition of a clause with
an empty body and the removal of a clause. The refinements must respect the
input-output modes of the bias declarations and the resulting clauses must be
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connected. For each refinement, an estimate of the log likelihood of the data is
computed by running the procedureBoundedEMBLEM (see Algorithm 4) that
performs a limited number of Expectation-Maximization steps. BoundedEM-

BLEM differs from EMBLEM only in line 10, where it imposes that iterations
are at most NMax. Once the log likelihood for each refinement is computed,
the best theory found so far is possibly updated and each refinement is inserted
in order in the beam.

At the end the parameters of the best theory found so far are computed with
EMBLEM and the resulting theory is returned. We followed this approach rather
than using a scoring function as proposed in [10] for SEM because we found that
using the log likelihood was giving better results with a limited additional cost.
We think that is due to the fact that, while in SEM the number of incomplete
or unseen variables is fixed, in SLIPCASE the revisions can introduce or remove
unseen variables from the underlying Bayesian network.

Algorithm 3 Procedure SLIPCASE
1: function SLIPCASE(Th,MaxSteps, ǫ, ǫ1, δ, b, NMax)
2: Build BDDs
3: (LL,Th) =EMBLEM(Th, ǫ,δ)
4: Beam = [(Th, LL)]
5: BestLL = LL
6: BestTh = Th
7: Steps = 1
8: repeat

9: Remove the first couple (Th, LL) from Beam
10: Find all refinements Ref of Th
11: for all Th′ in Ref do

12: (LL′′, Th′′) =BoundedEMBLEM(Th′, ǫ, δ,NMax)
13: if LL′′ > BestLL then

14: Update BestLL,BestTh
15: end if

16: Insert (Th′′, LL′′) in Beam in order of LL′′

17: if size(Beam) > b then

18: Remove the last element of Beam
19: end if

20: end for

21: Steps = Steps + 1
22: until Steps > MaxSteps or Beam is empty or (BestLL − Previous BestLL) < ǫ1
23: (LL,ThMax) =EMBLEM(BestTh, ǫ,δ)
24: return ThMax
25: end function

6 Experiments

We implemented SLIPCASE in Yap Prolog and we tested it on three real world
datasets: HIV [1], UW-CSE1 [16] and WebKB2 [4]. We compared SLIPCASE
with SEM-CP-logic [19] and with LSM [18]. All experiments were performed on

1 http://alchemy.cs.washington.edu/data/uw-cse
2 http://alchemy.cs.washington.edu/data/webkb

10



Algorithm 4 Procedure BoundedEMBLEM
1: function BoundedEMBLEM(Theory, ǫ, δ,NMax)
2: Build BDDs
3: LL = −inf

4: N = 0
5: repeat

6: LL0 = LL
7: LL = Expectation(BDDs)
8: Maximization

9: N = N + 1
10: until LL− LL0 < ǫ ∨ LL− LL0 < −LL · δ ∨N > NMax
11: Update the parameters of Theory
12: return LL, Theory
13: end function

Linux machines with an Intel Core 2 Duo E6550 (2333 MHz) processor and 4
GB of RAM.

SLIPCASE offers the following options: putting a limit on the depth of deriva-
tions, necessary for problems that contain cyclic clauses; setting the number of
iterations NMax for BoundedEMBLEM; setting the size of the beam, set-
ting the greatest number of variables in a learned rule (max var) and of rules
(max rules) in the learned theory.

For all experiments with SLIPCASE we used a beam size of 5, max var=5,
max rules=10 andNMax = +∞ since we observed that EMBLEM usually con-
verged quickly. For testing, we drew a Precision-Recall curve and a Receiver Op-
erating Characteristics curve, and computed the Area Under the Curve (AUCPR
and AUCROC respectively) using the methods reported in [6, 9].

The HIV dataset records mutations in HIV’s reverse transcriptase gene in
patients that are treated with the drug zidovudine. It contains 364 examples,
each of which specifies the presence or not of six classical zidovudine mutations,
denoted with the predicates (without arguments): 41L, 67N, 70R, 210W, 215FY
and 219EQ. The goal is to discover causal relations between the occurrences of
mutations in the virus, so all the predicates were set as target. The input initial
theory was composed of six probabilistic clauses of the form target mutation :
0.2. The language bias allows each atom to appear in the head and in the body
(for this reason some clauses may contain the same atom both in the head and in
the body). We used a five-fold cross-validation approach, by considering a single
fold as the grouping of 72 or 73 examples.

We ran SLIPCASE with a depth bound equal to three and obtained a final
structure with the following rules for each fold (the programs obtained from the
various folds differ only in the learned probabilities):

70R:0.402062.

41L:0.682637 :- 215FY.

67N:0.824176 :- 219EQ.

219EQ:0.75 :- 67N.

215FY:0.948452 ; 41L:0.0488947 :- 41L.

210W:0.380175 ; 41L:0.245964 :- 41L, 215FY.

210W:4.73671e-11.
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210W:5.14295e-06.

For testing, we computed the probability of each mutation in each example
given the value of the remaining mutations. The presence of a mutation in an
example is considered as a positive example (positive atom), while its absence
as a negative example (negated atom).

For SEM-CP-logic, we tested the learned theory reported in [19] over each
of the five folds, with the same method applied for SLIPCASE. For LSM, we
used the generative training algorithm to learn weights, because all the predicates
were considered as target, with the option -queryEvidence (to mean that all the
atoms of the query predicates not in the database are assumed false evidence),
and the MC-SAT algorithm for inference over the test fold, by specifying all
the six mutations as query atoms. Table 1 shows the AUCPR and AUCROC
averaged over the five folds for the algorithms (graphs are missing for lack of
space).

Two observations can be made with regard to the previous results:

– SLIPCASE is able to achieve higher AUCPR and AUCROC with respect to
LSM and SEM-CP-logic;

– a comparison among (1) the theory learned by SLIPCASE, (2) the theory
learned by SEM-CP-logic and (3) the mutagenetic tree for the development
of zidovudine resistance, reported in [1], where nodes correspond to target
mutations and edges to hypothesized causal relations between them, shows
that:
1. The clause 67N :- 219EQ. is present in all three models;
2. The clause 41L :- 215FY. is present in our theory and in the muta-

genetic tree, while is present with the opposite direction again in our
theory (in the fifth clause) and in the CP-theory;

3. The relation that links the 210W’s occurrence to 41L and 215FY is found
both in the clause 210W ; 41L :-41L, 215FY. of our theory and in
the mutagenic tree’s right branch, which specifies the causal relations
41L :- 215FY and 210W :- 41L.

The UW-CSE dataset contains information about the Computer Science de-
partment of the University of Washington, and is split into five mega-examples,
each containing facts for a particular research area. The goal is to predict the
advisedby/2 predicate, namely the fact that a person is advised by another
person: this was our target predicate. The input theory for SLIPCASE was com-
posed by two clauses of the form advisedby(X,Y):0.5. and the language bias
allowed advisedby/2 to appear only in the head (modeh declaration) and all the
other predicates only in the body (modeb); we ran it with no depth bound. We
used a five-fold cross-validation approach. For LSM, we used the preconditioned
rescaled conjugate gradient discriminative training algorithm for learning the
weights, by specifying advisedby/2 as the only non-evidence predicate plus the
option -queryEvidence, and the MC-SAT algorithm for inference over the test
fold, by specifying advisedby/2 as the query predicate. For SEM-CP-logic we
could not test any CP-logic theory learned from this dataset - as we did for HIV
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- since the implementation of SEM-CP-logic only learns ground theories. For
this reason performance data are missing in Table 1. Table 1 shows the average
AUCPR and AUCROC for SLIPCASE and LSM: SLIPCASE is able to achieve
higher AUCPR and AUCROC with respect to LSM.

The WebKB dataset describes web pages from the computer science depart-
ments of four universities. We used the version of the dataset from [4] that
contains 4,165 web pages and 10,935 web links, along with words on the web
pages. Each web page is labeled with some subset of the categories: student,
faculty, research project and course. The goal is to predict these categories from
the web pages’ words and link structures. We trained on data from three uni-
versities and tested on the remaining one. For SLIPCASE, we used a single
random variable for each clause instead of one for each grounding of each clause.
The language bias allowed predicates representing the four categories both in
the head and in the body of clauses. Moreover, the body can contain the atom
linkTo(_Id,Page1,Page2) (linking two pages) and the atom has(word,Page)

with word a constant. This dataset is quite large, with input files of 15 MB on
average. LSM failed on this dataset because the weight learning phase quickly
exhausted the available memory on machines with 4 GB of RAM. For the reasons
explained above we did not experiment SEM-CP-Logic on this dataset.

Table 1. Results of the experiments in terms of the Area Under the PR Curve and
under the ROC Curve averaged over the folds.

Dataset
AUCPR AUCROC

Slipcase LSM SEM-CP-logic Slipcase LSM SEM-CP-logic

HIV 0.777 0.381 0.579 0.926 0.652 0.721

UW-CSE 0.034 0.017 - 0.894 0.546 -

WebKB 0.395 - - 0.712 - -

Table 2 shows the learning times in hours for the three datasets. We could
not include the times for SEM-CP-logic on HIV since they are not mentioned in
[19]. The similarity in learning times between HIV and UW-CSE for SLIPCASE
despite the difference in the number of predicates for the two domains is due
to the different specifications in the language bias for the theory refinements’
generation: every predicate in HIV can be used in the clauses’ body and in the
head, while in UW-CSE only one is allowed for the head.

The table highlights that SLIPCASE has better scalability than LSM.

7 Conclusions

We have presented a technique for learning both the structure (clauses) and the
parameters (probabilities in the head of the clauses) of Logic Programs with
Annotated Disjunctions, by exploiting the EM algorithm over Binary Decision
Diagrams proposed in [2]. It can be applied to all languages that are based on
the distribution semantics.
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Table 2. Execution time in hours of the experiments on all datasets.

Dataset
Time(h)

Slipcase LSM

HIV 0.010 0.003

UW-CSE 0.018 2.574

WebKB 5.689 -

The code of SLIPCASE is available in the source code repository of the devel-
opment version of Yap and is included in the cplint suite. More information on
the system, including a user manual, can be found at http://sites.unife.it/
ml/slipcase.

We have tested the algorithm over the real datasets HIV, UW-CSE and We-
bKB, and evaluated its performances - in comparison with LSM and SEM-CP-
logic - through the AUCPR and AUCROC. From the results one can note that
SLIPCASE has better performances (highest area values) under both metrics.

In the future we plan to test SLIPCASE over other datasets and to ex-
periment with other search strategies, such as using bottom clauses to guide
refinements, local search in the space of refinements or bottom-up search such
as in [20, 17, 18].
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