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Abstract

We review Logical Bayesian Networks, a language for probabilistic logical modelling, and

discuss its relation to Probabilistic Relational Models and Bayesian Logic Programs.

1 Probabilistic Logical Models

Probabilistic logical models are models combining aspects of probability theory with aspects of Logic
Programming, first-order logic or relational languages. Recently a variety of languages to describe
such models has been introduced. For some languages techniques exist to learn such models from
data. Two examples are Probabilistic Relational Models (PRMs) [4] and Bayesian Logic
Programs (BLPs) [5]. These two languages are probably the most popular and well-known in the
Relational Data Mining community. We introduce a new language, Logical Bayesian Networks
(LBNs) [2], that is strongly related to PRMs and BLPs yet solves some of their problems with
respect to knowledge representation (related to expressiveness and intuitiveness).

PRMs, BLPs and LBNs all follow the principle of Knowledge Based Model Construction: they
offer a language that can be used to specify general probabilistic logical knowledge and they provide
a methodology to construct a propositional model based on this knowledge when given a specific
problem domain. We focus on the case where the propositional model is a Bayesian network. The
idea is to combine the strengths of Bayesian networks and of first-order logic.

2 Logical Bayesian Networks (LBNs)

LBNs use a Logic Programming based language. Because we want to distinguish between logical
(deterministic) knowledge and probabilistic knowledge, LBNs use two different sets of predicates:
ordinary logical predicates and probabilistic ‘predicates’. The latter are different from ordinary
predicates in that they have an associated range and are used for representing random variables: e.g.
if ranking/1 and grade/2 are probabilistic predicates, the atoms ranking(joe) and grade(joe,ai)

represent random variables indicating the ranking of ‘joe’ and the grade of ‘joe’ for ‘ai’ and hence
can take any value that a ranking or grade can take (so not simply true or false as for logical atoms).

An LBN defines a mapping between interpretations for the logical predicates (i.e. descrip-
tions of the problem domain) and Bayesian networks. An LBN consists of three major com-
ponents. The first is a set of clauses called the random variable declarations : e.g. the clause
random(iq(S)) <- student(S) specifies that iq(S) is a random variable in the Bayesian network
if S is a student. The second is a set of clauses called the conditional dependency clauses : e.g.
the clause ranking(S) | grade(S,C) <- takes(S,C) specifies that if student S takes course C

then ranking(S) conditionally depends on grade(S, C), i.e. there is a directed edge in the Bayesian
network from ranking(S) to grade(S, C). The third component is a set of logical CPDs, a more
expressive counterpart of ordinary Conditional Probability Distributions (CPDs), and is used to
determine the CPDs in the Bayesian network.

In designing LBNs we tried to unravel the different types of knowledge that one might want to
represent and to reflect them in the different elements in the LBN language. This can be seen in



the fact that a) LBNs distinguish between logical and probabilistic predicates and b) LBNs have
different components to determine different parts of a Bayesian network (random variables or nodes,
directed edges and CPDs). This facilitates knowledge representation with LBNs as compared to
some other languages such as BLPs.

3 Relation to Probabilistic Relational Models (PRMs)

There is a one-to-one correspondence in functionality between the components of LBNs and of
PRMs. Hence, LBNs can be seen as the counterpart of PRMs in a Logic Programming language
(as opposed to the entity-relationship language of PRMs). For this reason LBNs might be useful
as a tool to study the relationship between other languages based on Logic Programming (like
BLPs) and PRMs. While LBNs are closely related to PRMs, LBNs have two advantages. First,
the language of LBNs is more expressive since LBNs have functor symbols and negation. Second,
LBNs are more flexible: e.g. in LBNs it is easier to specify background knowledge and we do not
need special constructs such as class hierarchies that are required to model some problems using
PRMs. Both advantages are due to the Logic Programming nature of LBNs.

4 Relation to Bayesian Logic Programs (BLPs)

The most important difference between LBNs and BLPs is that the language of BLPs is much more
uniform: BLPs do not distinguish between logical and probabilistic predicates (all predicates are
assumed to be probabilistic) [5] and BLPs do not have different components to determine differ-
ent parts of a Bayesian network. Especially the first difference is very important since it causes
BLPs to mix logical (deterministic) knowledge and probabilistic knowledge. This makes knowledge
representation with BLPs difficult. First, a Bayesian network for a BLP contains more nodes (de-
scribing deterministic information) than the network for the corresponding LBN. As a consequence
CPDs in BLPs often cannot be filled in meaningfully. Second, because no logical predicates exist
in BLPs, BLPs do not have the concept on non-monotonic negation (useful for default reasoning,
for instance). Third, mixing logical and probabilistic knowledge makes it complicated to read or
write knowledge in a BLP.

BLPs have recently been redefined [1] and now indeed distinguish between logical and proba-
bilistic predicates, solving most of the above problems. This redefinition was introduced after the
time LBNs were first published [3] and obviously brings BLPs closer to LBNs.
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