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Abstract

The field of Probabilistic Logic Programming (PLP) has seen signifi-
cant advances in the last 20 years, with many proposals for languages that
combine probability with logic programming. Since the start, the problem
of learning probabilistic logic programs has been the focus of much atten-
tion and a special issue of Theory and Practice of Logic Programming
on Probability, Logic, and Learning has just appeared online. Learning
PLP represents a whole subfield of Inductive Logic Programming (ILP).
In Probabilistic ILP (PILP) two problems are considered: learning the
parameters of a program given the structure (the rules) and learning the
structure and the parameters at the same time. Usually structure learning
systems use parameter learning as a subroutine. In this article we present
the field of PILP and discuss the main results.

1 Introduction

Probabilistic Logic Programming (PLP) started in the early nineties with sem-
inal works such as those of Dantsin [6], Ng and Subrahmanian [17], Poole [19]
and Sato [23].

Since then the field has steadily developed and many proposals for the inte-
gration of logic programming and probability have appeared. These proposals
can be grouped in two classes: those that use a variant of the distribution
semantics [23] and those that follow a Knowledge Base Model Construction ap-
proach [27, 1]. The distribution semantics underlines many languages such as
Probabilistic Logic Programs [6], Probabilistic Horn Abduction [19], Indepen-
dent Choice Logic [18], PRISM [23], pD [12], Logic Programs with Annotated
Disjunctions [26], P-log [5], ProbLog [8] and CP-logic [25]. While the number of
languages is large, all these approaches share a common approach so that there
are transformation with linear complexity that can translate one language in
another. Under the distribution semantics, a probabilistic logic program defines
a probability distribution over normal logic programs (termed worlds). The
probability of a ground query Q is then obtained from the joint distribution of
the query and the worlds: it is the sum of the probability of worlds where the
query is true.

The languages following a KBMC approach include CLP(BN) [22], Bayesian
Logic Programs [15] and the Prolog Factor Language [13]. In this languages, a
program is a template for generating a ground graphical model, be it a Bayesian
network or a Markov network.
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Learning probabilistic logic programs has been considered from the start:
[23] already presented an algorithm for learning the parameters of programs
under the distribution semantics. This is the first problem that was considered
in the domain of learning and was the only one until recently, when works
regarding the induction of the structure (the rules) and the parameters at the
same time started to appear. The whole field was called Probabilistic Inductive
Logic Programming (PILP) in [20].

In the following we provide an overview of PILP by concentrating on lan-
guages under the distribution semantics.

2 Language

We illustrate the distribution semantics with ProbLog [8], the language with
the simplest syntax. A ProbLog program consists of a set of rules (certain) and
a set of probabilistic facts of the form

pi :: Ai.

where pi ∈ [0, 1] and Ai is an atom, meaning that each ground instantiation
Aiθ of Ai is true with probability pi and false with probability 1 − pi. From
a ProbLog program we obtain normal programs called worlds by including the
set C of rules and a subset L of the (ground) probabilistic facts. Each world is
obtained by selecting or rejecting each grounding of each probabilistic fact. The
probability of a world is given by the product of a factor pi for each grounding
of a probabilistic fact pi :: Ai included in the world and of a factor 1−pi for each
grounding of a probabilistic fact not included in the world. The probability of
a ground atom (query) is then the sum of the probabilities of the worlds where
the query is true.

Example 1 The following program encodes the fact that a person sneezes if he
has the flu and this is the active cause of sneezing, or if he has hay fever and
hay fever is the active cause for sneezing:

sneezing(X) :- flu(X),fluSneezing(X).
sneezing(X) :- hayFever(X), hayFeverSneezing(X).
flu(bob).
hayFever(bob).
0.7 :: fluSneezing(X).
0.8 :: hayFeverSneezing(X).

This program has 4 worlds, sneezing(bob) is true in 3 of them and its probability
is 0.7× 0.8 + 0.3× 0.8 + 0.7× 0.2 = 0.94.

The problem of computing the probability of queries is called inference. Solving
it by computing all the worlds and then identifying those that entail the query
is impractical as the number of possible worlds is exponential in the number of
ground probabilistic facts. Usually inference is performed by resorting to knowl-
edge compilation [7]: the program and the query are compiled into a language
that allows an efficient computation of the probability. The first approach for
performing inference [8] required finding a covering set of explanations for the
query. An explanation is a minimal set of probabilistic facts that is sufficient
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for entailing the query and a covering set of explanations is a set that contains
all possible explanations for the query. From the set of explanations, a Boolean
formula in Disjunctive Normal Form (DNF) can be obtained, where each proba-
bilistic fact is associated to a Boolean variable, an explanation is the conjunction
of the facts it contains and the whole formula is the disjunction of the formulas
for the different explanations.

In Example 1, if we associated Boolean variable X1 to fluSneezing(bob)
and X2 to hayFeverSneezing(bob) the Boolean formula that encodes the set of
explanations is X1 ∨X2.

Computing the probability of a Boolean formula in DNF is an NP-hard prob-
lem. With knowledge compilation, we transform the formula so that the compu-
tation of the probability is polynomial in the size of the obtained representation.
The hardness is transferred to the compilation phase but this approach works
well in practice because considerable effort has been devoted to the development
of efficient compilers.

A target language for knowledge compilation is that of Binary Decision Dia-
grams (BDDs). They are rooted graphs with one level for each Boolean variable.
A node n in a BDD has two children: one corresponding to the 1 value of the
variable associated with the level of n and one corresponding the 0 value of the
variable. The leaves store either 0 or 1.

A BDD for the function X1 ∨X2 is shown below

ciao
0

1
a0a

ciao
1

0

a1a
X1 X2

From a BDD we can compute the probability of the query with a dynamic
programming algorithm that is linear in the size of the BDD.

Another target language is that of deterministic, decomposable negation
normal form (d-DNNF): a d-DNNF is a rooted directed acyclic graph in which
each leaf node is labeled with a literal and each internal node is labeled with a
conjunction or disjunction. The graphs must moreover satisfy a number of re-
strictions. d-DNNF has been used in [11] for performing inference with Problog:
again, once the d-DNNF has been built, computing the probability is linear in
the size of the graph.

3 Learning

The problem that PILP aims at solving can be expressed as

• Given

– a background knowledge as a probabilistic logic program B

– a set of positive and negative examples E+ and E−

– a language bias L

• Find
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– a probabilistic logic program P such that the probability of positive
examples according to P ∪ B is maximized and the probability of
negative examples is minimized.

This problem has two variants: parameter learning and structure learning. In
the first, we are given the structure (the rules) of P and we just want to infer
the parameters of P , while in the second we want to infer both the structure
and the parameters of P .

Parameter learning for languages following the distribution semantics has
been performed by using the Expectation Maximization (EM) algorithm or by
gradient descent. The EM algorithm is used to estimate the probability of mod-
els containing random variables that are not observed in the data. It consists
of a cycle in which the steps of expectation and maximization are repeatedly
performed. In the expectation step, the distribution of the hidden variables
is computed according to the current values of the parameters, while in the
maximization step the new values of the parameters are computed. Examples
of EM algorithms are PRISM [24], LFI-Problog [11] and EMBLEM [3]. The
latter two use knowledge compilation for computing the distribution of the hid-
den variables. RIB [21] is a system for parameter learning that uses a special
EM algorithm called information bottleneck that was shown to avoid some local
maxima of EM.

Gradient descent methods compute the gradient of the target function and
iteratively modify the parameters moving in the direction of the gradient. An
example of these methods is LeProbLog [14] that uses a dynamic programming
algorithm for computing the gradient exploiting BDDs.

Structure learning is yet relatively unexplored. One of the first works [9] pre-
sented an algorithm for performing theory compression on ProbLog programs.
Theory compression means removing as many clauses as possible from the the-
ory in order to maximize the probability. No new clause can be added to the
theory.

SEM-CP-logic [16] learns parameters and structure of ground CP-logic pro-
grams. It performs learning by considering the Bayesian networks equivalent to
CP-logic programs and by applying techniques for learning Bayesian networks.

SLIPCASE [2] learns Logic Programs with Annotated Disjunctions by iter-
atively refining theories and learning the parameters of each theory with EM-
BLEM. This is possible as parameter learning is usually fast. SLIPCOVER
[4] (in the TPLP special issue) is an evolution of SLIPCASE that uses bottom
clauses to guide the refinement process, thus reducing the number of revisions
and exploring more effectively the search space. Moreover, SLIPCOVER sep-
arates the search for promising clauses from that of the theory: the space of
clauses is explored with beam search, while the space of theories is searched
greedily.

ProbFOIL [10] combines the rule learner FOIL with ProbLog. Logical rules
are learned from probabilistic data in the sense that both the examples them-
selves and their classifications can be probabilistic. In this setting the param-
eters (the probability values) are fixed and the structure (the rules) are to be
learned.
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4 Conclusions

While this article does not aim at being a complete account of the activity in the
field of PLP, we hope to have given an introduction that highlights the important
results already achieved. There are many avenues for future research: improving
the efficiency of inference, that is a basic component of learning systems, and
developing faster and more accurate learning systems. These challenges must
be taken up for PLP systems to increase their adoption.
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